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ABSTRACT
SECONDARY SCHOOL STUDENTS’ ACCEPTANCE OF ONE-TO-ONE COMPUTING
TECHNOLOGY: AN APPLICATION OF THE UNIFIED THEORY OF
ACCEPTANCE AND USE OF TECHNOLOGY MODEL
Heoncheol Yun, Ph.D.
Department of Educational Technology, Research and Assessment
Northern Illinois University, 2018
Ying Xie, Director

Portable computing technologies could make significant contributions to reforming
teaching and learning and building student-led learning environments. More specifically, one-toone computing technology can be used to create learner-centered instructions for enhancing
collaborative and creative learning experiences. However, to what extent students accept and use
the technology was still not known. The current research aimed to explore secondary school
students’ acceptance and use of one-to-one Chromebook/laptop computing technology as
predicted by the modified unified theory of acceptance and use of technology (UTAUT) models.
This research used data collected from 247 secondary school students at a high school in
a suburb of a metropolitan city in a U.S. Midwestern state, who were using one-to-one
Chromebook/laptop computing technology. Using a survey, the students reported the degrees of
performance expectancy, effort expectancy, and social influence on behavioral intention, and
facilitating conditions on use behavior of one-to-one computing technology as well as the levels
of computer self-efficacy, computer anxiety and attitude toward using technology. Also utilized
was two-step structural equation modeling: confirmatory factor analysis to establish construct
validity and measurement validity, and structural equation modeling to assess structural model
validity and the relationships between core latent constructs in research models.

The results of this study showed that performance expectancy and social influence
significantly predicted behavioral intention in most research models. Computer self-efficacy and
attitude toward using technology had significant effects on performance expectancy to predict
behavioral intention to use one-to-one computing technology. Especially, computer self-efficacy
strongly influenced attitude toward using technology that significantly predicted behavioral
intention. The findings of this study provided significant insights for school districts, school
leaders, staff, teachers, and students in understanding innovative technology acceptance and
usage in K-12 schools.
Because one-to-one computing technology integration into teaching and learning was
strongly associated with the quality of learning experience, technology acceptance models could
play significant roles in the decision-making of new innovative technology adoption. This
research suggested that future research should explore ultimate technology acceptance models
based on theoretical viewpoints of technology acceptance and contextual aspects of individual
learners in K-12 settings.
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CHAPTER 1
INTRODUCTION

The advent of mobile technologies, including tablet PCs, smartphones, and laptop
computers enabled the learner to take benefits of learning anytime and anywhere (Caudill, 2007;
Hoppe, Joiner, Milard, & Sharples, 2003). Portable/mobile devices emerged as appropriate
technologies for supporting teaching and learning, and collaborative learning efforts (Hoppe et
al., 2003). For example, a belief that technology has the potential to improve student-learning
performance would have led the United States government in the school year of 2003-2004 and
the Singapore government in 1997 to launch programs for the integration of technology in
schools (Hew & Brush, 2007).
Many academic and industrial practitioners, as well as researchers, examined how
instructional technologies, including mobile devices facilitate teaching and learning (Hoppe et
al., 2003, p. 255). Given the recent developments of mobile devices and wireless connection
technologies, there would have been a remarkable shift from electronic learning (e-learning) to
mobile learning (m-learning). M-learning refers to learning supported by hand-held mobile
devices, such as iPod Touches, iPads, mobile phones, and portable laptop computers (Crompton
& Keane, 2012; Sharples, Taylor, & Vavoula, 2007). In other words, compared to typical elearning delivered by electronic tools and media, m-learning encourages students to
autonomously engage in learning in more effective ways using mobile devices through wireless
connections, without the constraints of locations and time.
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Peng, Su, Chou, and Tsai (2009) proposed that educational technologies moved through
the stages of programmed instruction, computer-assisted instruction, and Internet-connected elearning and the contexts of wireless m-learning (p. 172). As defining m-learning as a subset of
e-learning using ubiquitous computing technologies to learn, they viewed mobility in m-learning
as a main characteristic affecting learning. Thus, it could be primary to explore how new mobile
technologies are adopted in the wireless educational contexts because most of previous studies
focused on the effects of mobile technology integration for supporting the quality of learning.
M-learning, in fact, started to gain recognition in the mid-2000s since smartphones, and
tablet PCs were commercially available in the market (Crompton, 2013). Mobile technologies
seemed to be beneficial to create “virtual and conceptual environments for people to talk,
discuss, and exchange their experiences either synchronously or asynchronously” (Kammas,
2009, p. 10). In addition, mobile devices were expected to connect learning in classrooms,
afterschool, and home schooling environments when contents and resources could be accessed
from “anywhere” (Chou, Block, & Jesness, 2012). As a result, teachers were able to have
flexibility to provide a wide range of learning opportunities in online learning environments and
in turn, students could have access to learning materials and additional resources whenever they
wanted, using wireless network connections.
Along with new trends of using m-learning tools, Newhouse (2001) argued that educators
persistently raised their voices that the potential of portable laptop computers would make
significant changes in reforming curriculum, schools and classroom learning environments (p.
210). Especially, one-to-one student-to-computer initiatives were appealing to teachers within mlearning environments and teachers had to be confident in creating learner-centered instructional
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strategies, which intended to facilitate collaborative and creative learning (Grant, Ross, Wang, &
Potter, 2005).
There have been multiple innovative one-to-one mobile technology initiatives in K-12
settings in the past two decades. The representative initial endeavors for one-to-one technology
initiatives were the Anytime Anywhere Learning Project (AALP; Gulek & Demirtas, 2005) and
the Maine Learning Technology Initiative (MLTI; Garthwait & Weller, 2005). According to the
Gulek and Demirtas study (2005), Microsoft Corporation launched the Anytime Anywhere
Learning Project (AALP) in partnership with Toshiba America Information Systems’ Notebooks
for Schools in California in 1996. A number of evaluations intended to determine whether
Microsoft’s technology integration program was effective for student learning and instruction
delivery.
Another remarkable movement for technology integration initiatives was the Maine
Learning Technology Initiative (Garthwait & Weller, 2005). Maine assigned laptops to an entire
grade of students in the fall of 2002 for the first time, as the entire state was moving forward for
innovative school computing and better educational opportunities (Garthwait & Weller, 2005).
Therefore, it is important that students should have opportunities to use their own learning tools
and to personalize their learning experience since these tools enable students to control their own
learning autonomously and design individualized learning and collaboration with peers.

Statement of the Problem

Recently, K-12 schools in the United States reported distinctly acute barriers (e.g.,
resources, knowledge and skills, school leadership, attitudes and beliefs, assessment, and subject
cultures) and attempted to find strategies to overcome these barriers in terms of technology
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integration into teaching and learning (Hew & Brush, 2007). They, in turn, proposed pertinent
strategies to one-to-one computing learning environments based on the findings of previous
studies. Multiple strategies were suggested as follows: (1) having a shared vision and technology
integration plan, (2) overcoming the scarcity of resources, (3) changing attitudes and beliefs, (4)
conducting professional development, and (5) reconsidering assessment. However, a
considerable amount of fiscal support tended to focus more on the improvement of availability
and use of instructional technology in educational settings (Hew & Brush, 2007). As a result, the
National Center for Education Statistics (NCES) reported that 97 percent of public school
teachers had one or more computers in the classroom in 2009 (Snyder & Dillow, 2013) and the
ratio of students to instructional computer in the classroom gradually changed 4.8:1 in 2002 to
3.1:1 in 2008 (Gray, Thomas, & Lewis, 2010).
In addition to the improvement of a student-to-computer ratio, more studies on one-toone computing initiatives or laptop cart programs were conducted (Grant et al., 2005; Gulek &
Demirtas, 2005; Lowther, Ross, & Morrison, 2003; Newhouse, 2001). For example, Grant, Ross,
Wang, and Potter (2005) conducted research on a modified ubiquitous computing initiative in
2003 to examine the effects of four shareable one-to-one laptop carts for multiple classes in a
public school. Gulek and Demirtas (2005) investigated the influences of laptop use on student
achievement. Portable laptop computers were considered as a suitable learning tool for a
curriculum in which more learner-centered learning activities could be designed (Newhouse,
2001). Lowther, Ross, and Morrison (2003) discussed that students who had greater accessibility
to information and proficient technology skills performed better in research-oriented and projectbased tasks. In summation, one-to-one computing technology programs were found significant in
creating effective learning environments for learners.

5
Theoretical models on user acceptance of information systems (IS) and information
technology (IT) provide insight into understanding relationships between factors that determine
whether adoption of technology was effective. Venkatesh, Morris, Davis, and Davis (2003)
developed the unified theory of acceptance and use of technology (UTAUT) model integrating
eight previously developed models concerned with technology acceptance and use. The UTAUT
model was applied to various contexts, including health care facilities, schools, libraries, and elearning environments. Despite numerous studies (Birch & Irvine, 2009; Hennington & Janz,
2007; Lin, Lu, & Liu, 2013; Marchewka, Liu, & Kostiwa, 2007) that used the UTAUT model in
diverse educational settings, little research has been conducted to date on the UTAUT model
regarding adoption and use of one-to-one Chromebook/laptop computing technology in
secondary schools.
Self-efficacy in social cognitive theory (SCT), developed by Bandura (1986) refers to the
belief that one has the capability to perform a particular behavior (Compeau & Higgins, 1995b).
The learners’ beliefs about their capabilities to use technology appropriately were associated
with making decisions about whether they were able to use technology and how much they were
able to learn from technology integration into learning (Compeau, Higgins, & Huff, 1999). Prior
research discussed that self-efficacy had a strong relationship with individual affective responses
(e.g., anxiety and attitude toward use of technology) to computing technology (Compeau et al.,
1999; Taylor & Todd, 1995).
Furthermore, Thatcher and Perrewé (2002) postulated that understanding information
technology (IT)-related individual differences (e.g., computer anxiety and computer selfefficacy) should be of great importance for facilitating IT training programs more effectively.
Therefore, in addition to the main constructs of the UTAUT model (e.g., performance

6
expectancy, effort expectancy, social influence, and facilitating conditions), computer selfefficacy, computer anxiety, and attitude toward using technology appear to be empirically
distinct constructs to predict secondary school students’ acceptance and use of one-to-one
Chromebook/laptop computing technology in learning.

Purpose of the Study and Research Questions
The current study aimed to examine secondary school students’ acceptance and use of
one-to-one Chromebook/laptop computing technology as predicted by the modified UTAUT
models (research model 1, 2, 3, and 4). Additionally, gender and grade were hypothesized to
moderate the relationships of performance expectancy (PE) and effort expectancy (EE) on
behavioral intention (BI) to use one-to-one Chromebook/laptop computing technology in
research model 2. Chapter 3 described the four research models in detail (see Figure 10, 11, 12,
and 13).
The five main research questions in the current study are as follows:
1. Which model best accounts for acceptance and use of one-to-one Chromebook/laptop
computing technology among U.S. Midwestern secondary school students: (1) research
model 1 and 2 with the influences of these four constructs (e.g., performance expectancy,
effort expectancy, social influence, and facilitating conditions), (2) research model 3, or
(3) research model 4 with the influences of these three constructs (e.g., computer selfefficacy, computer anxiety, and attitude toward using technology)?
2. To what extent are research model 1 constructs (e.g., performance expectancy, effort
expectancy, social influence, and facilitating conditions) associated with behavioral
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intention and use behavior of one-to-one Chromebook/laptop computing technology
among U.S. Midwestern secondary school students?
3. To what extent are research model 2 constructs (e.g., performance expectancy, effort
expectancy, social influence, and facilitating conditions) associated with behavioral
intention and use behavior of one-to-one Chromebook/laptop computing technology
among U.S. Midwestern secondary school students?
4. To what extent are research model 3 constructs (e.g., computer self-efficacy, computer
anxiety, and attitudes toward using technology) associated with behavioral intention to
use one-to-one Chromebook/laptop computing technology among U.S. Midwestern
secondary school students, after accounting for the following constructs (e.g.,
performance expectancy, effort expectancy, social influence, and facilitating conditions)?
5. To what extent are research model 4 constructs (e.g., computer self-efficacy, computer
anxiety, and attitudes toward using technology) associated with behavioral intention and
use behavior of one-to-one Chromebook/laptop computing technology among U.S.
Midwestern secondary school students, after accounting for the following constructs
(e.g., performance expectancy, effort expectancy, social influence, and facilitating
conditions)?

Significance of the Study

This study could be of great importance to the field of educational technology and the
application of the unified theory of acceptance and use of technology (UTAUT) model that was
underlying one-to-one computing technology adoption and integration into student learning. In
the field of educational technology, it is important to consider how the integration of technology
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into the curriculum could enhance the ultimate quality of learning experience and improve
student performance? Particularly, there has been little empirical research on to what extent the
UTAUT model accounts for the influences of one-to-one Chromebook/laptop computing
technology integration in a secondary school context. Thus, this study intended to evaluate if the
UTAUT model could explore relations on how the students accept or reject one-to-one
computing technology integration into learning for secondary education settings.
A significant problem emerged over a decade ago through several studies on one-to-one
laptop initiatives fulfilled in education that little research-based evidence was known to confirm
if the initiative programs were necessary and effective for learners (Penuel, 2006). Information
communication technology (ICT) and information systems (IS), indeed, were widely used in
business, health care, and other contexts (Lowther et al., 2004). Furthermore, technology
acceptance models including the UTAUT model served as effective theoretical frameworks to
understand why users accepted or rejected ICT and IS (Venkatesh et al., 2003).
Multiple studies examined the application of the UTAUT models with acceptance and
use of technology in various contexts (Kijsanayotin, Pannarunothai, & Speedie, 2008;
Marchewka, Liu, & Kostiwa, 2007; Rahman, Jamaludin, & Mahmud, 2011). Marchewka et al.
(2007) explained student perceptions on using Blackboard as a course management system in
higher education based on the UTAUT model. Another study employed a modified UTAUT
model to assess the main determinants that influenced the acceptance and use of health
information technology (IT) in many healthcare facilities (Kijsanayotin et al., 2008). Especially,
another modified UTAUT model also was used as a theoretical framework to investigate student
perspectives for using a digital library (Rahman et al., 2011).
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Many prior studies focused on the effects of portable computers on teaching and learning
in different educational contexts (Lowther et al., 2003; Russell, Bebell & Higgins, 2004; Zucker
& Hug, 2008). For instance, computers as a simulation tool were used in a high school physics
class, which incorporated visualizations to help students understand difficult science concepts
(Zucker & Hug, 2008). Using one-to-one computers enhanced student writing skills and
supported difficult tasks such as problem-based tasks and research-oriented projects (Lowther et
al., 2003). Laptop computers were found useful to facilitate communication between student-tostudent and student-to-instructor as well (Lowther et al., 2003). In addition, students who had
one-to-one computers were likely to spend more time in using a computer, which contributed to
improving communication skills and computer literacy levels (Russell, Bebell & Higgins, 2004).
Some research projects were conducted on the technology use of teachers and their
perceptions for technology integration in teaching practice (Addison, Lane, & Woods, 1999; Fox
& Henri, 2005). Interestingly, teachers who used computers believed the computers served as
supplements to the curriculum but were concerned about their learning effectiveness (Addison et
al., 1999). Moreover, the use of IT led to several challenges, including the lack of clear and
systematic leadership support, inflexible curricula, and lack of thorough assessment (Fox &
Henri, 2005). The critical suggestions to overcome the barriers and challenges that K-12 schools
faced in the USA included changing attitudes and beliefs, and extending available resources
(Hew & Brush, 2007).
In conclusion, this study could be helpful to educational administrators, educational
technology policy makers, school leaders, educators, students, as well as parents, because it
could present empirical evidence and insight into the acceptance of one-to-one
Chromebook/laptop computing technology in secondary education, applying the UTAUT model
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as a technology acceptance model. Legris, Ingham, and Collerette (2003) discussed how
previous technology acceptance models were proven to be essential theoretical frameworks in
understanding use behaviors in information technology integration. Also, there were many
empirical researchers who provided more reliable statistical results, using those models (Legris
et al., 2003). In particular, the findings of this study could help decision-making for those
stakeholders to adopt new technology and improve the technology integration into teaching and
learning (Szajna, 1996). The details of the original UTAUT model, application of the
original/modified UTAUT model in different contexts, literature on one-to-one computing
technology initiatives and other constructs (e.g., computer self-efficacy, computer anxiety, and
attitude toward using technology) related to behavioral intention and technology use behavior
were discussed in Chapter 2 of this study.

Definition of the Terms

The definitions of primary terminologies used in this study, such as e-learning, mlearning and a one-to-one computing initiative commonly accepted at large were addressed as
follows:
Electronic learning (e-learning). In general, electronic learning is called e-learning. In
higher education, business, and training contexts, “e-learning related particularly to Internet
based flexible delivery of content and programs that focus on sustaining particular communities
of practice” (Kidd, 2010, p. 49).
Mobile learning (m-learning). Mobile learning also is called m-learning. It refers to “any
sort of learning that happens when the learner is not at a fixed, predetermined location, or
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learning that happens when the learner takes advantage of the learning opportunities offered by
mobile technologies” (O’Malley, Vavoula, Glew, Taylor, Sharples, & Lefrere, 2003, p. 6).
One-to-one computing technology initiative. A one-to-one computing technology
initiative refers to practical ideas that “all students have individual access to portable laptop
computers with contemporary productivity software (e.g., word processing tools, spreadsheet
tools, etc.), and through schools’ wireless networks to help complete academic tasks such as
homework assignments, tests, and presentations” (Penuel, 2006, pp. 330-331).
The definitions of the constructs used for the current study were referred to in the unified
theory of acceptance and use of technology (UTAUT) model from Venkatesh et al. (2003).
The Unified Theory of Acceptance and Use of Technology (UTAUT) model. The
UTAUT model is a theorized framework in which four constructs will play a significant role as
direct determinants of user acceptance and usage behavior: performance expectancy, effort
expectancy, social influence, and facilitating conditions (Venkatesh et al., 2003, pp. 446-447).
Performance expectancy (PE). Performance expectancy was defined as “the degree to
which an individual believes that using the system will help him or her to attain gains in job
performance” Venkatesh et al., 2003, p. 450). PE was closely pertinent to extrinsic motivation in
motivational model (MM; Davis, Bagozzi, & Warshaw, 1992) that described “the perception that
users will want to perform an activity because it is perceived to be instrumental in achieving
valued outcomes that are distinct from the activity itself, such as improved job performance, pay,
or promotions” (p. 1112).
Effort expectancy (EE). Effort expectancy was defined as “the degree of ease associated
with the use of the system” (Venkatesh et al., 2003, p. 450). EE was adapted from perceived ease
of use in one of the existing models (e.g., technology acceptance model [TAM]; Davis, Bagozzi,
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& Warshaw, 1989) that refers to the degree to which a person believes that using a system would
be free of effort.
Social influence (SI). Social influence was defined as “the degree to which an individual
perceives that important others believe he or she should use the new system” (Venkatesh et al.,
2003, p. 451). SI was close to social norms in the theory of reasoned action (TRA; Davis et al.,
1989; Fishbein & Ajzen, 1975) that described the person’s perception that most people who are
important to him think he should or should not perform the behavior in question.
Facilitating conditions (FC). Facilitating conditions were defined as “the degree to which
an individual believes that an organizational and technical infrastructure exists to support use of
the system” (Venkatesh et al., 2003, p. 453). The original root construct, FC was used within the
model of PC utilization (MPCU; Thompson, Higgins, & Howell, 1991) that refers to objective
factors in the environment that observers agree to make an act easy to do including the provision
of computer support.
Behavioral intention (BI). Behavioral intention was defined as “a measure of the strength
of one’s intention to perform a specified behavior” (Fishbein & Ajzen, 1975, p. 288). This
construct was used within TRA and TAM (Davis et al., 1989).
Computer self-efficacy, anxiety, attitude toward using technology were excluded and
modeled as “no direct effect” on behavioral intention in the UTAUT model (Venkatesh et al.,
2003), but included as the main constructs in research models 3 and 4 to assess secondary school
students’ acceptance and use of one-to-one Chromebook/laptop computing technology in the
current study.
Computer self-efficacy (SE). In social cognitive theory (SCT; Bandura, 1986), selfefficacy was defined as an individual’s judgment of their capability to implement a series of
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actions to demonstrate specific performance. Regarding using computer technology, Compeau
and Higgins (1995b) clarified computer self-efficacy as “an individual’s perceptions of his or her
ability to use computers in the accomplishment of a task (e.g., using a software package for data
analysis), rather than reflecting simple component skills (e.g., using a specific software feature
such as bolding text or changing margins)” (p. 191). At times, it is preferred to be called selfefficacy (SE) for this study.
Computer anxiety (ANX). Computer anxiety was defined as the tendency of a person to
experience a level of uneasiness over his or her impending use of a computer (Howard & Smith,
1986). It also refers to “a fear of computers when using one, or fearing the possibility of using a
computer (Chua, Chen, & Wong, 1999). At times, it is preferred to be called anxiety (ANX) for
this study.
Attitude toward using technology (ATUT). Attitude toward using technology was defined
as “an individual’s overall affective reaction to using a system” (Venkatesh et al., 2003, p. 455).
This construct was originally used as attitude toward behavior in the TRA and theory of planned
behavior (TPB; Ajzen, 1991) that refers to an individual’s positive or negative feelings about
performing the target behavior.
Use Behavior (UB). There was no definition of use behavior or target usage behavior
specifically addressed in the original UTAUT model, while in predicting use behavior,
behavioral intention and facilitating conditions were hypothesized to be directly associated with
use behavior (Venkatesh et al., 2003). In the current study, UB was measured by the degrees of
frequency, reflecting the five-different usage behavioral patterns (e.g., communication,
classroom activities, information search, entertainment, and Google Application use) to evaluate
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the use of one-to-one Chromebook/laptop computing technology among secondary school
students.

Organization of the Study

This study consisted of the five following chapters. Chapter 1 included the contextual
information of the study, research problem, purpose, questions, and definition of the terms.
Chapter 2 presented the background information of the study, a review of relevant literature, the
theoretical frameworks, and studies related to the theoretical frameworks. Specifically, this
chapter first presented the current status of computing technology in schools and needs for oneto-one computing technology integration in education. Then, the discussions of the theoretical
frameworks used in this study such as technology acceptance theories and models were showed
and relevant studies pertinent to the theoretical frameworks were discussed. Chapter 3 described
the research methodology including a two-step structural equation modeling analysis used in this
study. In Chapter 4, demographic information and descriptive statistics first were reported.
Because of result of structural equation modeling, results from confirmatory factor analysis and
structural equation modeling were discussed. Chapter 5 provided a synopsis of findings from the
study, a discussion of factors predicting one-to-one computing technology acceptance and use
among secondary school students, implication, limitations of the study, future research
recommendations and conclusions.
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CHAPTER 2
LITERATURE REVIEW

This literature review included a summary of findings from a review of literature related
to the current study as follows: (1) defining one-to-one computing technology initiatives, (2)
current status of computing technology, (3) needs for one-to-one computing technology, (4)
influential factors affecting technology acceptance and use, (5) formulation of the unified theory
of acceptance and use of technology (UTAUT) model, (6) limitations of the UTAUT model, (7)
applications of the UTAUT model, (8) computer self-efficacy, computer anxiety, and attitude
toward using technology, and (9) a summary of the chapter.

Defining One-to-One Computing Technology Initiatives

As discussed earlier, Penuel (2006) defined a one-to-one computing technology initiative
as a learning context that “all students have individual access to portable laptop computers with
contemporary productivity software (e.g., word processing tools, spreadsheet tools, etc.), and
through schools’ wireless networks to help complete academic tasks such as homework
assignments, tests, and presentations” (pp. 330-331). Similar to this definition, Solomon (2005)
depicted it as a learning environment in which learners use individually assigned computing
devices, such as wireless laptop or tablet PC computers in the purpose of learning anytime and
anywhere with the focus of the paradigm shift on instruction delivery to more personalized
independent learning.
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Kidd (2010) argued that learning could be a lifelong process that could be accessed
anywhere at any time to meet specific learning needs. Also, Hall (2000) discussed that e-learning
employs the form of complete courses with access to content for “just-in-time” learning. Besides
that, mobile computing technologies have gradually become popular in many educational
contexts over the past two decades (Sung, Chang, & Liu, 2016). Along with the advancement of
mobile technology, there were innovative approaches that support all students to have their own
one-to-one computing devices in schools since the availability of wireless network connectivity,
decreasing costs, and lighter weight of devices enabled one-to-one computing technology
initiatives to be more substantial (Sung et al., 2016).
For instance, in the early-2000s, computer manufacturers (e.g., Apple Computer, Inc.)
actively expressed interest in investing in one-to-one computing technology programs, and state
governments strived to support computing technology programs designed to provide each
individual student with a laptop computer (Penuel, 2006). Furthermore, a school district in
Virginia began to equip various grade levels of students with one-to-one laptops and the state of
Maine implemented a state-wide laptop program to provide seventh and eighth grade students
with one-to-one Apple iBooks (Russell et al., 2004).

Current Status of Computing Technology in Schools

Numerous researchers have attempted to explore the effects of using computers on
teaching and learning in schools. Drenoyianni and Selwood (1998) argued that the proliferation
of computers in schools was based on the assumption that computers could play significant roles
in education and that their use might result in the development of education. According to
Watson (2006), the widespread of information and communication technologies (ICT) in the
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classroom was due to a technocentric perspective that technology has the capacity to support
innovative and powerful learning environments. In addition, Sheingold and Hadley (1990)
summarized the results from a nationwide survey of K-12 teachers who experienced and
proficiently integrated computers into their teaching. The key findings from the survey revealed
that these teachers were comfortable with computer technology; devoted their own time to
learning how to use computers and received local support for using them; used computers for
many purposes related to teaching and learning in the classroom; and facilitated to present more
complex and advanced materials and fostered personalized learning environments.
Early stages of using computers in the classroom were primarily witnessed and inspired
by K-12 teachers for computer themselves such as computer literacy classes instead of regular
school subjects. Back in 1985, the Second National Survey of Instructional Uses of School
Computers (as cited in Becker, 1991) reported that teachers rarely used computers for the
purposes of providing students with instructions in traditional school subjects, while computer
programming classes in more typically secondary schools were the main curriculum to use
computers. Furthermore, Becker (1991) indicated that primarily in secondary schools there were
rigorous attempts to use computers as productivity tools for visualizing ideas and processing
information. Based on the research of Sheingold and Hadley (1990), the most commonly used
instructional software in the computer in U.S. schools were word processing (93%), drill and
practice (92%), educational games (91%), and tutorial programs (81%).
Unlike the present K-12 schools, not every student had access to instructional computers
for learning in the 1990s, according to the past ratios of students to instructional computer in
schools. The ratio of students to instructional computers with Internet access in public schools in
2001 was 5.4 to 1, improved from the ratio of 12.1 to 1 in 1998 when it was first measured (U.S.
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Department of Education, 2002). Even if more students had opportunities to use instructional
computers in public schools in 2001 comparing to the ratio in 1998, yet it could be hard to
imagine that all students were able to use school-issued one-to-one computing devices with
wireless Internet access such as portable laptop computers and table PCs in early 2000s. As
expected, it continued to decrease, which reflected that individual students could have more
access to instructional computing technologies with Internet access in schools. U.S. Department
of Education (2002) reported that the percentage of classrooms in public schools connected to
the Internet increased from 3% in 1994 to 87% in 2001.
These innovative trends in the ratios of students to instructional computer in public
schools continued in 2000s (U.S. Department of Education, 2010a). In 2002, the ratio was 4.8 to
1, by 0.3 decrease from the previous year. The ratio reached to 3.8 to 1 in 2005. In 2008, the
overall ratio of students to instructional computers with Internet access fell to 3.1 to 1. Not
surprisingly, there was another rigorous effort of using computers in public schools. Fifty-eight
percent of schools began to use laptop carts as of fall 2008. On the other hand, the U.S.
Department of Education (2010b) reported that there were significant differences in using
computers in the classroom based on students’ socioeconomic status. Eighty-three percent of
teachers indicated that their students used technology sometimes, or often, to learn or practice
basic skills in low-income schools (“with 75% or more students eligible for free or reduced-price
lunch”). However, 63% of teachers reported that in high-income schools (“with less than 35% of
students eligible for free or reduced-price lunch”).
Because of this tremendous advancement in hardware, software, and infrastructure in
schools, there should be a need for standardized protocols in terms of the implementation and
integration of instructional technology in K-12 classroom (Barron, Kemker, Harmes, &
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Kalaydjian, 2003). In response to this effort, the International Technology Education Association
(ITEA), sponsored by the National Science Foundation (NSF) and National Aeronautics and
Space Administration (NASA) conducted a project from 1996 to 2000 entitled, Technology for
All Americans: A Rationale and Structure for the Study of Technology (ITEA, 2007). During this
project, Standards for Technological Literacy (STL) was developed to provide “a vision of what
students should know and be able to do in order to be technologically literate” (ITEA, 2007, p.
vii).
Other endeavors were the National Educational Technology Standards (NETS) for
students in 1998 and the NETS for teachers in 2000, developed by the International Society for
Technology in Education (ISTE). The ISTE standards served as the foundation for many state
standards regarding developing technology standards. These state standards were adopted,
adapted, or aligned with the NETS for students and teachers by many of state government
educational agencies (Barron et al., 2003). More recently, the Association for Educational
Communications and Technology (AECT) adopted the previous version of the AECT Standards
(i.e., consisting of content knowledge, content pedagogy, learning environments, professional
knowledge and skills, and research) in 2000 and revised in 2005, as part of providing prudent
guidelines for educational programs aimed at professionals in the field (AECT, 2012).
In addition to this flood of technology standards in education, the No Child Left Behind
(NCLB) Act of 2001 was enacted under President Bush administration in 2002. This law
mandated all states to organize a system of testing to assess in reading, math, and science.
Especially, the Enhancing Education Through Technology Act of 2001, a part of the NCLB
encouraged state governments to use grants to meet specific requirements for integrating
technology into the curriculum (Barron et al., 2003).
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In the digital age, mobile technologies (i.e., handheld devices – smartphones, tablet PCs,
and portable laptop computers) became commonly used tools and essential for students’ lives at
schools and homes. In tandem, more students brought their own mobile devices wherever they
moved for communication, learning, accessing information and resources, entertainment, etc.
(Song, 2014). According to Alberta Education (2012), Bring Your Own Device (BYOD) refers
to technology models where students bring a personally owned device to school for the purpose
of learning. Song (2014) discussed that BYOD was generally considered to be supportive to
promote better learning experience through more personalized learning and enhanced
engagement. However, not surprisingly, there were both challenges and benefits of BYOD in
education (Afreen, 2014).
As an attempt to integrate computing technology in education, there were two major
initiatives at the beginning, the Apple Classroom of Tomorrow (ACOT) project in 1985
(Sandholtz, Ringstaff, & Dwyer, 1997), and the Levels of Technology Implementation (LoTi)
scale in 1995 (Moersch, 1999). In the 2000s, state educational agencies and school districts in
Virginia and Maine began to equip K-12 classrooms with one-to-one laptop computers (Russell
et al., 2004). In the 2010s, tablet PC computers became another main trend in mobile technology
integration into teaching and learning in K-12 schools (Song, Wong, & Looi, 2012). According
to Molnar (2014), Apple iPads occupied the IT market as the top-selling tablets in K-12 public
schools by the summer of 2014. However, during the third quarter of 2014 Apple provided
702,000 iPads, and other manufacturers delivered 713,000 Chromebooks for K-12 schools in the
U.S., based on research by the International Data Corporation.
Interestingly, cost appears to be a key determinant of purchasing one-to-one computing
technology in K-12 public schools. Chromebooks, referring to the Web-based laptops that use
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Google’s Chrome operating system are the best-selling devices in the U.S. Compared to iPads’
prices ranging from $250 to $830 in the consumer market, Chromebooks’ pricing varied under
$300 (Molnar, 2014). According to Futuresource Consulting Ltd., a U.K.-based research and
forecasting company, by the academic year of 2015-16, mobile devices would be expected to
adopted as one-to-one computing technology for half of the U.S. K-12 students and teachers
(Molnar, 2015). Donovan, Green, and Hartley (2010) already contended that one-to-one
computing initiatives were recognized as one effective approach many schools and districts
attempted to address the gap between student needs and classroom environments.

Needs for One-to-One Computing Technology Integration

Prior research studies showed how one-to-one computing technology influenced learning
experience, student performance, and teaching practice in many different educational settings
(Bebell & Kay, 2010; Kennedy, Rhoads, & Leu, 2016; Storz & Hoffman, 2013; Warschauer,
Zheng, Niiya, Cotton, & Farkas, 2014). One-to-one laptop programs were prevalent in school
districts in the United States not only to provide equal access to online learning content
(Warschauer et al., 2014), but also to improve teaching and learning for quality learning
experiences (Bebell & Kay, 2010; Kennedy et al., 2016; Storz & Hoffman, 2013). Throughout a
comparative case study, Warschauer et al. (2014) examined the influences of one-to-one laptop
programs in Colorado, California, and Alabama in which school districts assigned relatively
cost-effective netbook computers and open software resources to encourage student participation
in digital content and improve educational equity. This study supported that their one-to-one
programs would play important roles in removing obstacles to fair technology access and use
between students with high and low socioeconomic status.

22
Storz and Hoffman (2013) found how one-to-one computing technology affected
students’ learning experiences and teachers’ teaching practices after interviewing 47 middle
school students and eight teachers. Specifically, students revealed that their learning experiences
became more innovative and creative throughout using the one-to-one technology. On the other
hand, teachers showed notable changes in their instructional practices, classroom management
and demands for additional professional development training to meet students’ diverse learning
desires.
Kennedy et al. (2016) assessed the differences in the assessments of online research and
learning in Science class for seventh grade students in two different states after implementing the
one-to-one computing programs. The results presented that online research and learning from
digital information using the one-to-one laptop programs was a critical aspect in disciplinary
literacy in the Science subject. Thus, they found that there was a significant difference in
students’ capabilities to learn from digital information in the state that supported the one-to-one
computing programs.
Bebell and Kay (2010) investigated the educational impacts and outcomes of the
Berkshire Wireless Learning Initiative (BWLI) in five middle schools during three-year one-toone laptop programs across western Massachusetts. They found that providing one-to-one
computing technology access to students and teachers significantly contributed to improvement
of student performance and achievement in multiple subject areas and development of effective
teaching practices. Additionally, the results presented that the middle school students improved
their engagement in learning and classroom activities and enhanced collaboration and research
skills.
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Moreover, one-to-one mobile technology played an important role in enhancing learning
effectiveness for language learning contexts (Hwang, Chen, Shadiev, Huang, & Chen, 2014;
Zhang, Song, & Burston, 2011; Zheng, Warschauer, & Farkas, 2013). Zheng et al. (2013)
examined the effects of using one-to-one laptops on literacy processes and outcomes for 2,158
elementary school students in two different school districts. This study confirmed that students
presented better learning achievements throughout the one-to-one laptop programs. More
interestingly, at-risk and minority student groups showed the significant improvement of their
literacy learning achievements and processes.
Hwang et al. (2014) posited that mobile technology would support for EFL learners in
elementary schools to complete EFL writing assignments within familiar subject environments
and real-life contexts. Their research intended to investigate the effects of using mobile devices
on practicing and improving elementary students’ EFL writing skills, compared to non-mobile
device users. The findings indicated that mobile device users tended to recognize the designed
learning activities to be more fun and retain their learning interests in situated learning contexts.
Furthermore, Zhang et al. (2011) investigated the effects of using mobile phones on vocabulary
learning for 78 Chinese university students. Using an experimental approach, this study found
that mobile phone users’ vocabulary learning performance was not statistically different from
non-mobile phone users’ performance.
Collectively, Larkin and Finger (2011) synthesized the findings from previous evaluation
studies that examined the implementation of one-to-one computing technology initiatives and its
effects in primary schools. Three main findings of a variety of one-to-one initiatives
implemented in the classroom were:
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Leading to changes to teacher pedagogy (e.g., student-centered approaches, flexible and
constructivist teaching styles, and project and inquiry-based delivery)



Resulting in positive learning performance (e.g., improved media literacy, writing skills,
and standardized tests)



Promoting engaged learning experiences (e.g., increased motivation, engagement, and
school retention, and decreased disciplinary issues)

In summation, regarding the design and implementation of one-to-one computing technology
these findings from numerous existing studies and empirical evidence of effectiveness can be
helpful in the decision-making process to accept new one-to-one computing technology for
diverse stakeholders such as policymakers, administrators, curriculum developers, teachers,
parents, and students (Larkin & Finger, 2011).

Factors Affecting Technology Acceptance in Learning

In this study, the unified theory of acceptance and use of technology (UTAUT) model,
developed by Venkatesh et al. (2003) was used to examine the influences of the main
determinants (i.e., performance expectancy, effort expectancy, social influence, and facilitating
conditions) in predicting individuals’ behavioral intentions to use one-to-one computing
technology in the secondary school environments. Additionally, this study focused on examining
to what extent secondary school students’ computer self-efficacy, computer anxiety, and attitude
toward using technology could affect their behavioral intentions to use one-to-one
Chromebook/laptop computing technology.
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Teachers’ Technology Acceptance

In general, factors affecting the successful acceptance and use of one-to-one computing
technology in schools may vary. As an effort of evaluating factors associated with the integration
of technology into teaching and learning in K-12 schools, previous studies found that teachers
could play significant roles in the integration of technology into the curriculum (Bingimlas,
2009; Hew & Brush, 2007). Hew and Brush (2007) discussed the findings from existing
empirical studies about technology integration from 1995 to 2006 in the United States and other
countries. They found that teachers considered personal aspects such as their knowledge and
skills on technology integration and attitudes and beliefs towards using technology. Also,
Bingimlas (2009) indicated that teachers’ prior experiences, attitudes, and competence related to
using technology were important to the successful implementation of computing technology in
the classroom.
Students’ Technology Acceptance

Students appear to be as important as teachers in the classroom for the effective
integration of technology into teaching and learning. Arguably, not only the 21st century students
seemed to be more knowledgeable and talented at utilizing instructional technologies than their
teachers (Russell, Bebell, & O’Dwyer, 2003), but also, they would possess a wide range of
technology skills and preferences related to communication and learning via ICT (Kennedy,
Judd, Dalgarno, & Waycott, 2010). In addition, like the findings from the previous studies (i.e.,
Bingimlas, 2009; Hew & Brush, 2007), Gu, Zhu, and Guo (2013) reported that personal and
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internal factors including self-perceptions, self-efficacy, and attitudes about technology
integration in learning were significant to students.
Considering the viewpoints on these personal factors on technology acceptance and
integration, technology acceptance models could serve as useful theoretical frameworks to
understand the intention of technology acceptance and actual use behaviors among students.
First, the theory of reasoned action (TRA) developed by Fishbein and Ajzen (1975) posited that
an individual can have an attitude towards performing a certain behavior after assessing the
impacts of the behavior. The social pressure from peers or relevant individuals, refers to as
subjective norms in TRA could influence their decision making in that certain behavior.
Unfortunately, most of the existing studies located through this literature review focused on
mainly specific behaviors in a question, rather than one-to-one computing technology acceptance
and use. For example, using TRA, Crawley and Coe (1990) examined the effects of attitude and
subject norm on middle school students’ intention to enroll in a high school science course.
In addition to the two main factors affecting a specific behavioral intention in TRA, the
theory of planned behavior (TPB) included perceived behavioral control. TPB (Ajzen, 1991)
claimed that individual behavior is predicted by behavioral intention that is determined by three
main factors: (1) an individual’s attitude toward behavior, (2) subjective norms, and (3)
perceived behavioral control. Perceived behavioral control is defined as an individual’s
perception of the ease of performing a specific behavior (Ajzen, 1991). Using TPB, Cheon, Lee,
Crooks, and Song (2012) discussed whether their conceptual model explained that college
students’ beliefs affected their intention to use mobile devices in the coursework.
According Davis et al. (1989), the technology acceptance model (TAM) proposed that an
individual’s acceptance of an actual system was determined by two key factors: (1) perceived
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usefulness, and (2) perceived ease of use. In TAM, these two factors served as predictors of
individuals’ attitudes for behavioral intentions to use an IT system. For instance, TAM was used
to describe the effects of the factors that affect the acceptance of Google Applications for
collaborative learning (Cheung & Vogel, 2013). The results showed that both perceived
usefulness and perceived ease of use significantly predicted their attitudes towards positive
behavioral intentions to use collaborative web applications among students in higher education.
Another theoretical framework is social cognitive theory (SCT), which posited
“environmental influences such as social pressures or unique situational characteristics, cognitive
and other personal factors, including personality as well as demographic characteristics, and
behavior were reciprocally determined” (Compeau & Higgins, 1991, p. 187). In addition,
outcome expectations and self-efficacy are the major determinants of individuals’ behaviors
towards using computing technology (Compeau & Higgins, 1991).

Formulation of the Unified Theory of Acceptance and Use of Technology Model

As briefly discussed about technology acceptance models, the precedent theoretical
models for technology acceptance and use that contributed to formulating the original UTAUT
model included the theory of reasoned action (TRA; Fishbein & Ajzen, 1975), technology
acceptance model (TAM; Davis, 1989), motivational model (MM; Davis, Bagozzi, & Warshaw,
1992), theory of planned behavior (TPB; Ajzen, 1991), a combination of technology acceptance
and theory of planned behavior (c-TAM-TPB; Taylor & Todd, 1995), model of PC utilization
(MPCU; Thompson, Higgins, & Howell, 1991), innovation diffusion theory (IDT; Rogers,
1995), and social cognitive theory (SCT; Compeau & Higgins, 1995b). As seen in Figure 1, the
core constructs of the UTAUT model directly affecting behavioral intention (BI) to use
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technology included performance expectancy (PE), effort expectancy (EE), and social influence
(SI). Facilitating conditions (FC) were directly associated with use behavior (UB). BI also was
directly related to UB. Gender, age, experience, and voluntariness of use served as moderators to
the relationships between the core constructs.

Figure 1: The Original UTAUT Model (Venkatesh et al., 2003, p. 447).
Prior Technology Acceptance Models

There were rigorous attempts in information systems (IS) research to explore why
individuals adopted new technologies (Swanson, 1988). In recent studies, the constructivist
theoretical orientations intended to investigate how one-to-one computing technology was
applicable to figure out real-world problems (Lowther et al., 2003). Meanwhile, IS researchers
proposed intention models from social psychology as a primary theoretical foundation for the
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factors of use behavior (Swanson, 1982). Figure 2 illustrates a basic conceptual framework,
underlying user acceptance models. Actual use of IT refers to as the dependent variable and
intention to use IT as a predictor of use behavior.

Figure 2: Basic Conceptual Framework Underlying User Acceptance Models (Venkatesh et al.,
2003, p. 427).

The theory of reasoned action (TRA; Fishbein & Ajzen, 1975) was developed to
successfully predict and explain human behavior, which could be appropriate to explain behavior
in IT domains (Ajzen & Fishbein, 1980). According to TRA seen in Figure 3, a person’s
performance of a particular behavior is predicted by his or her behavioral intention (BI) to
perform the behavior. BI is accordingly predicted by the person’s attitude (A) and subjective
norm (SN) relating to the behavior in question, with relative weights typically estimated by
regression (Davis et al., 1989, p. 983):
BI = A + SN
SN refers to “the person’s perception that most people who are important to him thought he
should or should not perform the behavior in question” (Fishbein & Ajzen, 1975, p. 302).

(2.1)
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Figure 3: Theory of Reasoned Action (Davis et al., 1989, p. 984).

As shown in Figure 4, Ajzen (1991) extended TRA by additionally dealing with
perceived behavioral control, which was called the theory of planned behavior (TPB). Ajzen
(1991) defined perceived behavioral control as “the perceived ease or difficulty of performing
the behavior” (p. 188). According to TPB, perceived behavioral control is viewed as a predictor
of intention and behavior. In other words, Ajzen (1991) suggested that behavioral performance
depends jointly on motivation (intention) and ability (behavioral control). As a general rule of
TPB, the stronger intention an individual had, the more likely the individual should perform a
particular behavior.
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Figure 4: Theory of Planned Behavior (Ajzen, 1991, p. 182).

Technology Acceptance Model

One of the most powerful theoretical models in explaining the adoption of new IT/IS was
the technology acceptance model (TAM; Marchewka et al., 2007). TAM aims “to explain the
determinants of computer acceptance that is general, capable of explaining user behavior across a
broad range of end-user computing technologies and user populations” (Davis et al., 1989, p.
985). As seen in Figure 5, TAM contains two core theoretical determinants, perceived usefulness
(U) and perceived ease of use (EOU) that are associated with attitudes and usage in the past user
acceptance research (Davis et al., 1989). Perceived usefulness is defined as “the prospective
user’s subjective probability that using a specific application system would increase his or her
job performance within an organizational context” and perceived ease of use as “the degree to
which the prospective user expects the target system to be free of effort” (Davis et al., 1989, p.
985). TAM proposed that actual computer use was predicted by BI, which is collectively
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predicted by the person’s attitude toward using the system (A) and perceived usefulness (U),
with relative weights estimated by regression:
BI = A + U

(2.2)

Figure 5: Technology Acceptance Model (Davis et al., 1989, p. 985).

The Unified Theory of Acceptance and Use of Technology Model

Venkatesh and its colleagues (2003) reviewed previously dominant user acceptance
models and different sets of core constructs, as shown in Table 1 (also see details of each model
in Appendix A). Multiple core constructs (see the root constructs for the core constructs of the
UTAUT model in Appendix B) used in the prior theoretical models of technology acceptance
and use were formulated and integrated into the unified theory of acceptance and use of
technology (UTAUT) model, as seen in Figure 1 (Venkatesh et al., 2003). Prior to the formulated
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UTAUT model, they conducted longitudinal field studies at four different organizations among
participants who used a new technology both in the voluntary and mandatory workplace settings
to examine the effects of the constructs on behavioral intention. A survey questionnaire was
implemented with items used in the prior eight theoretical models in three different time points.
They found that most of factor loadings were acceptable and higher than .70 and all internal
consistency reliabilities were greater than .70.

Table 1
Prior User Acceptance Theories and Models and Core Constructs (Venkatesh et al., 2003)
Model
1. Theory of Reasoned Action (TRA)
2. Technology Acceptance Model (TAM)

3. Motivational Model (MM)

Core Constructs
a.
b.
a.
b.
c.
a.
b.

Attitude Toward Behavior
Subjective Norm
Perceived Usefulness
Perceived Ease of Use
Subjective Norm
Extrinsic Motivation
Intrinsic Motivation

(Continued on following page)
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Table 1 (continued)
Model
4. Theory of Planned Behavior (TPB)

5. Combined TAM and TPB (C-TAM-TPB)

6. Model of PC Utilization (MPCU)

7. Innovation Diffusion Theory (IDT)

8. Social Cognitive Theory (SCT)

Core Constructs
a.
b.
c.
a.
b.
c.
d.
a.
b.
c.
d.
e.
f.
a.
b.
c.
d.
e.
f.
g.
a.
b.
c.
d.
e.

Attitude Toward Behavior
Subjective Norm
Perceived Behavioral Control
Attitude Toward Behavior
Subjective Norm
Perceived Behavioral Control
Perceived Usefulness
Job-fit
Complexity
Long-term Consequences
Affect Towards Use
Social Factors
Facilitating Conditions
Relative Advantage
Ease of Use
Image
Visibility
Compatibility
Results Demonstrability
Voluntariness of Use
Outcome Expectations-Performance
Outcome Expectations-Personal
Self-efficacy
Affect
Anxiety

As a result, seven constructs (e.g., theorized determinants in the UTAUT model:
performance expectancy, effort expectancy, social influence, facilitating conditions, attitude
toward using technology, self-efficacy, and anxiety) were found to have significant effects on
intention or usage behavior in one or more individual models (refer to the results of the study in
Appendix C). With cross-validation of the theorized UTAUT model using hypothesis testing,
they found that performance expectancy, effort expectancy, social influence, and facilitating
conditions played a significant role in behavioral intention or usage behavior. While attitude
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toward using technology, self-efficacy, and anxiety appeared to be non-significant predictors of
behavioral intention or usage behavior. Additionally, they hypothesized that gender, age,
voluntariness of use, and experience served as moderators to the relationships between the core
determinants and behavioral intention and usage behavior. Therefore, for the current study the
UTAUT model was used as a theoretical framework to explore secondary school students’
acceptance and use of one-to-one Chromebook/laptop computing technology.

Applications of the UTAUT Model

The UTAUT model was applicable to a wide variety of information technology
(IT)/information systems (IS) contexts - whether or not it was in the voluntary or mandatory
setting, although the UTAUT model served as a theoretical model to explain individual
differences associated with new technology acceptance and use (Marchewka, 2007). First, the
UTAUT model provided invaluable insights in exploring the user acceptance of IT/IS in the
health care contexts (Hennington & Janz, 2007; Kijsanayotin, Pannarunothai, & Speedie, 2009).
To understand physicians’ adoption of electronic medical records (EMRs) technology in
the health care context, Hennington and Janz (2007) utilized the UTAUT model. Despite
ubiquitous ITs, reduced costs, and benefits for medical decision-makings, health care
organizations were far different from other industries in terms of the management of information
systems (MIS; Hennington & Janz, 2007). Prior research presented that physicians’ EMR
adoption could be associated with physician performance, while there were gaps between EMR
users and non-user such as necessity, usefulness, data entry, cost, security, and confidentiality.
Thus, they posited that the UTAUT model not only served as an appropriate theoretical
framework to explain the EMR technology adoption, but also there were additional determinants
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in the health care context that would contribute to the core determinants of the UTAUT model
affecting behavioral intention and usage behavior.
Instead of using the original Venkatesh et al.’s (2003) UTAUT model, Kijsanayotin,
Pannarunothai, and Speedie (2009) exploited a modified UTAUT model to determine the main
constructs that affected health information technology (IT) adoption in community health centers
(CHCs) in Thailand. They attempted to validate whether the UTAUT model could be applied in
a developing country’s health care system. The findings indicated that the health IT adoption was
significantly associated with performance expectancy, effort expectancy, social influence and
voluntariness. Also, health IT usage was highly related to prior IT experience, behavioral
intention, and facilitating conditions. They posited that their extended UTAUT model provided
evidence for a better understanding of the IT adoption in the health care system in Thailand.
Second, the UTAUT model was regarded as a comprehensive user acceptance model of
IT/IS to understand the key constructs influencing behavioral intention and use behavior in
educational settings (Birch & Irvine, 2009; Lin, Lu, & Liu, 2013; Marchewka & Kostiwa, 2007;
Rahman, Jamaludin, & Mahmud, 2011). A modified UTAUT model intended to investigate the
critical constructs that affected behavioral intention to use the digital library (Rahman et al.,
2011). They noted that little empirical research evidence on the intention of using the digital
library was found since the nature of the digital library was a breakthrough to the existing library
services. In their study, the core constructs of the modified UTAUT model affecting to use of the
digital library include information quality, and service quality. The results supported that
performance expectancy, effort expectancy, and information quality positively influenced the
intention to use the digital library, while service quality was negatively associated with the
intention.
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Lin, Lu, and Liu (2013) discussed that cognitive individual difference is considered
important in the adoption behavior of e-learning IS, besides the core constructs of the prior user
acceptance models. So, a new conceptual model, educational behavioral intention model
(EduBIM), was designed to assess the effects of cognitive individual differences (e.g., learning
and teaching styles) for behavioral intention and use of e-learning technologies, based on the
previous user acceptance models including the Theory of Reasoned Action (TRA), Technology
Acceptance Model (TAM), Theory of Planned Behavior (TPB), and UTAUT models (Lin et al.,
2013). They referred to the EduBIM as “a new technology acceptance model that focused on
cognitive factors and the fit between learning and teaching styles to improve the
comprehensiveness of support for the use of technology” (pp. 1123-1124).
Birch and Irvine (2009) examined the critical constructs that influence secondary level
preservice teachers’ acceptance of information and communication technology (ICT) integration
in the classroom in higher education. They argued that there were few studies on the application
of the UTAUT model in teacher education and little was known about preservice teachers’
acceptance of ICT. The results showed that effort expectancy was the only significant factor to
predict preservice teachers’ intentions to use ICT in their practicum teaching. Among the
moderators (e.g., age, gender, and voluntariness), age was found to have a significant effect on
behavioral intention. Their study suggested that effort expectancy be related with the other
UTAUT variables (e.g., facilitating conditions and social influence) because of the subjectivity
of measurement of effort expectancy (Birch & Irvine, 2009).
Marchewka and Kostiwa (2007) investigated undergraduate and graduate students’
perceptions on using an online course management software application, Blackboard, in higher
education applying the UTAUT model. They referred to Blackboard as a popular web-based
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course management and learning tool for online learning, which was designed to facilitate
“collaborative learning, knowledge building, and multiple representations of ideas and
knowledge structure” (p. 94). The findings presented that there was no significant evidence to
support their behavioral intention and use behavior of Blackboard based on the UTAUT model
and the moderating effects of age and gender appeared not to be significant effects on IT
acceptance (Marchewka et al., 2007).
Lastly, the UTAUT model played an important role in understanding individuals’
acceptance and use of new networked information and communication technology (ICT). Lin
and Anol (2008) applied the UTAUT model in exploring online social support in the context of
networked IT. They argued that inherent online social support was an effective method in
networked IT to connect each other and communicate knowledge within organizations.
Networked IT usage intention was directly associated with network IT usage (Lin & Anol,
2008). The hypothesis testing results revealed that social influence had a significant effect on
online social support and networked IT usage intention leading to direct and indirectly
networked IT usage.
According to Abdulwahab and Dahalin (2010), Telecentre referred to a facility that
provides wired, wireless or satellite connectivity and quality portals to the global network.
Individuals were allowed to have access to ICT facilities through telecentre, which were
especially valuable to those who live in rural or remote areas (Abdulwahab & Dahalin, 2010). A
conceptual model of the UTAUT model was used to investigate management effectiveness and
program effectiveness that influence user acceptance of Telecentre. They discussed an empirical
modification of the conceptual model of UTAUT since the UTAUT model was limited to study
significant constructs, which affected the adoption of Telecentre and use of network ICT.
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Throughout the review of the relevant literature, the UTAUT model appeared to serve as
a primary theoretical framework to understand what constructs either support or hinder the user
adoption of IT/IS. More importantly, the UTAUT model offered practical perspectives in
explaining how IT could be adopted in various contexts. In addition, multiple studies utilized the
UTAUT model (Venkatesh et al., 2003) or modified UTAUT model to understand the significant
constructs that influence the adoption and use of ICT in educational settings (Birch & Irvine,
2009; Lin & Anol, 2008; Lin et al., 2013; Marchewka et al., 2007; Rahman et al., 2011). It was
assumed that the UTAUT model was appropriately used to explain to what extent the core
constructs influenced the adoption and use of new IT/IS. Therefore, the application of the
UTAUT model would be worthy extending to the current study regarding one-to-one computing
technology to understand secondary school students’ behavioral intention and use behavior.

Limitations of the UTAUT Model
The UTAUT model posited that an individual’s behavioral intention to use IT was driven
by the four main constructs (i.e., performance expectancy, effort expectancy, social influence,
and facilitating conditions) and in turn its behavioral intention and use behavior were moderated
by gender, age, experience, and voluntariness (Venkatesh et al., 2003). The UTAUT was
developed through the integration of the previously prominent theories and models such as TRA,
TPB, TAM, the combined TAM-TPB, MM, MPCU, IDT, and SCT. However, primarily it was
argued that by evaluating these constructs in an actual IT acceptance and usage environment,
researchers and practitioners would be able to examine an individual’s intention to use a specific
IT in a given context (Williams, Rana, & Dwivedi, 2015). In their original research, Venkatesh et
al. (2003) addressed several limitations of the UTAUT model.
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First, the UTAUT model was found to exceed the eight previous models with an adjust R2
of .69 in user intention to use IT (Venkatesh et al., 2003). In their research, they indicated that
the previous contributing technology acceptance models accounted for 17% to 53% of variances
in user intention, resulted from a six-month study in four different business organizations, even if
the previous models were widely and successfully used to understand innovative technology
adoption and user behavioral intention in a specific IT system.
Another limitation was that the UTAUT model could not fully address the unique context
of one-to-one computing technology integration in the K-12 classroom (Wang, Wu, & Wang,
2009). Venkatesh et al. (2003) focused on individuals involved in business-based organizations
and examined the user intentions of specific IT acceptance and use at the time that the IT was
introduced. Throughout a review of the relevant literature, the UTAUT model was discussed and
used in a wide range of contexts including IT adoptions in healthcare systems, e-learning
technology acceptance in education, network and communication system acceptance in corporate
organizations or communities and learning management systems or ICT adoptions in K-12 and
higher education settings. In addition, individual perceptions on technology acceptance and use
could potentially change over time or via post-training.
Lastly, according to Venkatesh, Brown, Maruping and Bala (2008), behavioral intention
had the following limitations:
1. Behavioral intention was a reflection of an individual’s internal schema of belief.
2. Behavioral intention had limited predictive and explanatory ability to deal with
uncertainty and unforeseen events between the time the intention was formed, and the
behavior was performed.
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3. Behavioral intention was limited in its ability to predict behaviors that were not
completely within an individual’s volitional control (p. 485).

Computer Self-Efficacy, Computer Anxiety, and Attitude Toward Using Technology

In social cognitive theory (SCT; Bandura, 1986), environmental factors (e.g., social
pressures and unique situational characteristics), cognitive and personal factors (e.g., personality
and demographic characteristics), and behavior influenced each other in interactive ways
(Compeau & Higgins, 1995b), as presented in Figure 6. Behavior (e.g., using computers) refers
to “the result of a set of beliefs about technology and a set of affective responses to the behavior”
(Compeau et al., 1999, p. 146). Self-efficacy is defined as “the belief that an individual has the
capability to perform a particular behavior” (Compeau & Higgins, 1995b, p. 189) and affective
responses, in general, are “measured by attitude toward use, and an individual’s evaluation of the
behavior as either positive or negative” (Compeau et al., 1999, p. 146).

Figure 6: Social Cognitive Theory – Reciprocal Determinism (Compeau & Higgins, 1995b, p.
190).
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Computer self-efficacy refers to a judgment of one’s capability for what could be
completed in the future using a computer (Compeau & Higgins, 1995b). On the other words,
Barbeite and Weiss (2004) proposed that computer self-efficacy is classified as a specific type of
self-efficacy. Specific self-efficacy is defined as an individual’s belief that one has the ability “to
mobilize the motivation, cognitive resources, and courses of action needed to meet given
situational demands” (Wood & Bandura, 1989, p. 408). This belief has an impact on the
selection of activities, and degree and persistence of effort (Bandura, 1986). Thus, Barbeite and
Weiss (2004) contended that people with higher confidence in their ability to use computers
would perform better than those with little confidence.
Computer anxiety refers to a fear of computers when using it (Chua et al., 1999) or
“feelings of anxiety surrounding computers are expected to negatively influence computer use”
(Compeau & Higgins, 1995b, p. 197). People tended to avoid behaviors that caused negative and
anxious feelings (Compeau & Higgins, 1995b). It was typically hypothesized that individuals
who had higher computer anxiety were less likely to use computers (Compeau & Higgins,
1995b; Durdell & Haag, 2002). While the influences of computer self-efficacy and computer
anxiety were significantly mediated by perceived ease of use on behavioral intention to use
technology (Venkatesh, 2000). Therefore, it was found that computer self-efficacy and computer
anxiety had no significantly direct impacts on behavioral intention in the UTAUT model
(Venkatesh et al., 2003).
First, SCT (Bandura, 1986) was applied to computer use performance and extended to an
understanding of using information technology in general as user acceptance models (Compeau
& Higgins, 1995a; Compeau & Higgins, 1995b; Compeau et al., 1999). In their research model
(Compeau & Higgins, 1995a) as depicted in Figure 7, it was hypothesized that prior performance
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of the behavior and behavior modeling had a direct influence on computer self-efficacy, outcome
expectations, and performance. Computer self-efficacy had an influence on outcome
expectations and performance, and outcome expectations had an influence on performance.
Throughout hypothesis testing, computer self-efficacy presented a strong impact on performance,
and behavior modeling was a more effective training method than the traditional lecture-based
training method in workforce training courses.

Figure 7: Application 1 of Social Cognitive Theory (Compeau & Higgins, 1995a, p. 120).

Compeau and Higgins (1995b) posited that computer self-efficacy could be measured by
three dimensions: magnitude, strength, and generalizability, but computer self-efficacy
generalizability was not focused on in their study. Unlike the previous study by Compeau and
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Higgins (1995a), more constructs were hypothesized to influence IT usage including computer
self-efficacy (influenced by encouragement by others, others’ use, and support), outcome
expectations (influenced by encouragement by others, others’ use, support, and computer selfefficacy), affect (influenced by outcome expectations, and computer self-efficacy), and anxiety
(influenced by computer self-efficacy), as described in Figure 8. The findings supported that
computer self-efficacy was found to be significantly influential to outcome expectations of
computer use, individual emotional reactions (affect and anxiety), and actual computer use.

Figure 8: Application 2 of Social Cognitive Theory (Compeau & Higgins, 1995b, p. 194).

As presented in Figure 9, Compeau et al. (1999) assessed a subset model of the
hypothesized model tested first by Compeau and Higgins (1995b) in which IS usage was
influenced by anxiety (influenced by computer self-efficacy), affect (influenced by computer
self-efficacy, outcome expectations [performance], outcome expectations [personal]), outcome
expectations (performance) (influenced by computer self-efficacy) and outcome expectations
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(personal) (influenced by computer self-efficacy). The results presented that outcome
expectations (performance), computer self-efficacy, and affect had positively significant impacts
on IS usage, while computer self-efficacy was found to be positively and significantly influential
to affect, both types of outcome expectations (performance and personal). Hence, these studies
supported that computer self-efficacy was strongly associated with individual’s IT/IS
performance and usage (Compeau & Higgins, 1995a; Compeau & Higgins, 1995b; Compeau et
al., 1999).

Figure 9: Application 3 of Social Cognitive Theory (Compeau et al., 1999, p. 147).

46
Second, multiple empirical studies focused on understanding the relationships between
computer self-efficacy, computer anxiety, and computer attitudes associated with the use of IT/IS
(Chua et al., 1999; Durndell & Haag, 2002; Sam, Othman, & Nordin, 2005). A cross-sectional
study for 74 female and 76 male East European university students (total 150 students) aimed to
examine the relationships between computer anxiety, computer self-efficacy, attitudes to the
Internet and Internet experience (Durndell & Haag, 2002). In their study, the results presented
that higher computer self-efficacy, lower computer anxiety and more positive attitudes toward
the internet were significantly correlated with longer use of the Internet, while gender and
computer self-efficacy were strongly associated with the Internet use (Durndell & Haag, 2002).
Sam, Othman, and Nordin (2005) investigated the relationships between the same
constructs of Durnell and Haag’s (2002) research toward using the Internet among 148
Malaysian university students. The results presented that although there were no significant
relationships between using the Internet, attitudes toward the Internet, and computer selfefficacy, computer anxiety was significantly related with attitudes toward using the Internet.
Thus, Sam et al. (2005) argued that students who had higher levels of computer anxiousness
tended to demonstrate more negative attitudes toward using the Internet and the more learning
opportunities with computers, the more satisfaction and motivation students were able to hold.
Lastly, as discussed earlier, computer self-efficacy, computer anxiety (Venkatesh, 2000)
and attitudes toward using technology constructs were tested whether they influenced behavioral
intention to use IT/IS in formulating the UTAUT model (Venkatesh et al., 2003). Venkatesh
(2000) discussed that computer self-efficacy and computer anxiety served as anchoring
constructs that played an important role in affecting perceived ease of use about using a new
IT/IS. In TAM (Davis et al., 1989) that was widely applied to user acceptance and usage,
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perceived ease of use was a critical construct for perceived usefulness and individual behavioral
intention to use a technology (Venkatesh, 2000). Attitude toward using technology was
hypothesized to have a significant influence on behavioral intention but found that there was no
significant relationship between behavioral intention and attitude toward using technology
(Venkatesh et al., 2003).

Summary of the Chapter

According to the review of relevant literature, there appears to be little empirical research
that focused on the application of the UTAUT model to examine the acceptance and use of oneto-one Chromebook/laptop computing technology for secondary school students. In spite of
multiple studies on IT (Lin & Anol, 2008), health care IS (Hennington & Janz, 2007;
Kijsanayotin et al., 2009), course management systems (Marchewka & Kostiwa, 2007), the
digital library (Rahman et al., 2011), and ICT for preservice teachers (Birch & Irvine, 2009)
attempted to understand the acceptance and use of new technology, relatively little research
evidence was found concerning with one-to-one computing technology integration in secondary
education based on the application of the UTAUT model. While the core constructs of the
UTAUT model (e.g., performance expectancy, effort expectancy, social influence, and
facilitating conditions) played crucial roles in predicting individual’s behavioral intention to use
technology (Venkatesh et al., 2003), computer self-efficacy, computer anxiety, and attitude
toward using technology were found to be significantly related with using technology (Compeau
& Higgins, 1995b; Compeau et al., 1999; Durndell & Haag, 2002; Sam, Othman, & Nordin,
2005). Additionally, the integration of one-to-one mobile technology into the curriculum in K-12
settings was considered innovative and supportive for teaching and learning (Crompton &
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Keane, 2012). Also, this literature review revealed that one-to-one computing technology
programs substantially provided a various range of learning opportunities to learners (Zucker &
Hug, 2008).
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CHAPTER 3
METHODOLOGY

As discussed previously, several factors in the UTAUT model as well as SCT factors
including computer self-efficacy, computer anxiety, and attitude toward using technology served
as major factors predicting one-to-one computing technology acceptance and use among
secondary school students in this study. The current study primarily focused on understanding
secondary school students’ acceptance and use of one-to-one Chromebook/laptop computing
technology as predicted by the modified unified theory of acceptance and use of technology
(UTAUT) models. Regarding the complexity of constructs that influence technology acceptance
in educational settings, the analyses of structural models provides useful statistical methods to
understand relationships between predictive constructs and outcome constructs in technology
acceptance models (Schreiber, Nora, Stage, Barlow, & King, 2006).
This study assessed the effects of the exogenous constructs on the endogenous constructs.
More specifically, it examined the effects of performance expectancy (PE), effort expectancy
(EE), and social influence (SI) on behavioral intention (BI) and the effects of facilitating
conditions (FC) and BI on use behavior (UB) of one-to-one Chromebook/laptop computing
technology research model 1 (RM1 as seen in Figure 10). Research model 2 (RM2 as seen in
Figure 11) included the moderating effects of gender and grade. This study also assessed the
effects of computer self-efficacy (SE), computer anxiety (ANX), and attitude toward using
technology (ATUT) regarding BI to use one-to-one computing technology in research model 3
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(RM3 as seen in Figure 12) and in research model 4 (RM4 as seen in Figure 13). According to
the roles of these personal factors in the previous theoretical frameworks and prior studies
discussed in Chapter 2, these two research models (RM3 and RM4) were developed for further
research interests. This chapter included the research questions and hypotheses, research design,
sampling strategy, research site, survey and data collection procedures, scales, and strategy for
data analysis.

PE: Performance Expectancy
EE: Effort Expectancy

PE

SI: Social Influence
FC: Facilitating Conditions
BI: Behavioral Intention
EE

SI

Figure 10: Research Model 1.

UB

BI

FC

UB: Use Behavior
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PE: Performance Expectancy
EE: Effort Expectancy

PE

SI: Social Influence
FC: Facilitating Conditions
BI: Behavioral Intention
EE

UB

BI

SI

UB: Use Behavior

FC

Gender

Grade

Figure 11: Research Model 2.
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SE
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PE

SI: Social Influence
FC: Facilitating Conditions
SE: Computer Self-Efficacy
ATUT

ANX: Computer Anxiety

EE

ATUT: Attitude Toward
UB
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Using Technology
BI: Behavioral Intention
UB: Use Behavior

SI
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Figure 12: Research Model 3.
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ATUT

SE

EE: Effort Expectancy
SI: Social Influence
FC: Facilitating Conditions
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SE: Computer Self-Efficacy

ANX

ANX: Computer Anxiety
ATUT: Attitude Toward
Using Technology
EE

UB

BI

BI: Behavioral Intention
UB: Use Behavior

FC
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Figure 13: Research Model 4.

Research Questions and Hypotheses

The research questions for this study were stated as follows:
1. Which model best accounts for acceptance and use of one-to-one Chromebook/laptop
computing technology among U.S. Midwestern secondary school students: (1) research
model 1 and 2 with the influences of these four constructs (e.g., performance expectancy,
effort expectancy, social influence, and facilitating conditions), (2) research model 3, or
(3) research model 4 with the influences of these three constructs (e.g., computer selfefficacy, computer anxiety, and attitude toward using technology)?
2. To what extent are research model 1 constructs (e.g., performance expectancy, effort
expectancy, social influence, and facilitating conditions) associated with behavioral
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intention and use behavior of one-to-one Chromebook/laptop computing technology
among U.S. Midwestern secondary school students?
3. To what extent are research model 2 constructs (e.g., performance expectancy, effort
expectancy, social influence, and facilitating conditions) associated with behavioral
intention and use behavior of one-to-one Chromebook/laptop computing technology
among U.S. Midwestern secondary school students?
4. To what extent are research model 3 constructs (e.g., computer self-efficacy, computer
anxiety, and attitudes toward using technology) associated with behavioral intention to
use one-to-one Chromebook/laptop computing technology among U.S. Midwestern
secondary school students, after accounting for the following constructs (e.g.,
performance expectancy, effort expectancy, social influence, and facilitating conditions)?
5. To what extent are research model 4 constructs (e.g., computer self-efficacy, computer
anxiety, and attitudes toward using technology) associated with behavioral intention and
use behavior of one-to-one Chromebook/laptop computing technology among U.S.
Midwestern secondary school students, after accounting for the following constructs
(e.g., performance expectancy, effort expectancy, social influence, and facilitating
conditions)?
Based on the hypothesis testing for the research models, the hypotheses in each research model
were outlined in Tables 2, 3, 4, and 5.
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Table 2
Hypotheses to Be Tested for Research Model 1
Hypothesis
H1: Performance expectancy (PE) is significantly associated with behavioral intention (BI) to
use 1:1 computing technology.
H2: Effort expectancy (EE) is significantly associated with behavioral intention (BI) to use 1:1
computing technology.
H3: Social influence (SI) is significantly associated with behavioral intention (BI) to use 1:1
computing technology.
H4: Facilitating conditions (FC) is significantly associated with use behavior (UB) of 1:1
computing technology.
H5: Behavioral intention (BI) is significantly associated with use behavior (UB) of 1:1
computing technology.

Table 3
Hypotheses to Be Tested for Research Model 2
Hypothesis
H1: The effect of performance expectancy (PE) is significantly related to behavioral intention
(BI) to use 1:1 computing technology, moderating by gender and grade.
H2: The effect of effort expectancy (EE) is significantly related to behavioral intention (BI) to
use 1:1 computing technology, moderating by gender and grade.
H3: The effect of social influence (SI) is significantly related to behavioral intention (BI) to
use 1:1 computing technology.
H4: The effect of facilitating conditions (FC) is significantly related to use behavior (UB) of
1:1 computing technology.
H5: The effect of behavioral intention (BI) is significantly related to use behavior (UB) of 1:1
computing technology.
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Table 4
Hypotheses to Be Tested for Research Model 3
Hypothesis
H1 – H5: The same hypotheses as Table 2
H6: Computer self-efficacy (SE) is significantly associated with performance expectancy (PE).
H7: Computer self-efficacy (SE) is significantly associated with effort expectancy (EE).
H8: Attitude toward using technology (ATUT) is significantly associated with performance
expectancy (PE).
H9: Attitude toward using technology (ATUT) is significantly associated with effort
expectancy (EE).
H10: Computer anxiety (ANX) is significantly associated with behavioral intention (BI) to use
1:1 computing technology.

Table 5
Hypotheses to Be Tested for Research Model 4
Hypothesis
H1 – H5: The same hypotheses as Table 2
H6: Attitude toward using technology (ATUT) is significantly associated with behavioral
intention (BI) to use 1:1 computing technology.
H7: Computer anxiety (ANX) is significantly associated with behavioral intention (BI) to use
1:1 computing technology.
H8: Computer self-efficacy (SE) is significantly associated with attitude toward using
technology (ATUT).
H9: Computer self-efficacy (SE) is significantly associated with computer anxiety (ANX).
H10: Computer self-efficacy (SE) is significantly associated with use behavior (UB) of 1:1
computing technology.
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Research Design

The current study was a cross-sectional, non-experimental correlational study which was
appropriate to investigate the hypothesized relationships among variables (Creswell, 2008). Also,
this study used structural equation modeling (SEM) for data analysis. SEM was an analytic
approach for testing a theory and for analyzing multivariate data (Savalei & Bentler, 2010). SEM
provided a flexible way to understand the specified relationships between observed/measured
and latent variables and to examine the relationships among latent variables (Savalei & Bentler,
2010; Wang & Wang, 2012). This study used two-step structural equation modeling (SEM) with
confirmatory factor analysis (CFA; Anderson & Gerbing, 1988). Unlike exploratory factor
analysis (EFA), which explores the nature of underlying factors without specific expectations,
CFA is used to examine whether models align with specific expectations (Thompson, 2004).
CFA assesses the measurement model by examining the relationships between the observed and
latent variables associated with constructs of interest: secondary school students’ behavioral
intention (BI) and use behavior (UB) of one-to-one Chromebook/laptop computing technology.
The structural model focuses on assessing the relationships among the latent variables in the
research models.

Sampling and Research Site

The target population of this study consisted of secondary school students enrolled in
public school districts in the United States that provide one-to-one Chromebook/laptop
computing technology. The accessible population of interest for this study was the sixth through
twelfth grades students who use one-to-one Chromebook/laptop computing technology in
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secondary public schools in the suburbs of a metropolitan city in a Midwestern state. To recruit
potential samples for this study representing the population closely, convenience sampling was
used. The information communication technology (ICT) personnel within the Northern Illinois
University (NIU) community was contacted. Throughout this ICT personnel, the potential
samples who were using one-to-one Chromebook/laptop computers in learning at the secondary
school levels were located. Consequently, the sample for this study was a group of high school
students who were using one-to-one Chromebook/laptop computers for learning at the school in
a suburban school district that the researcher of this study can easily access. The NIU IRB (see
Appendix D) approved this study and its sample, Protocol # HS16-0303.
Illinois State Board of Education (2016) provided the student demographic specifications
of the academic year of 2016 (see Appendix E), associated with multiple categories of the school
where the survey was conducted. The total student enrollment in the school year of 2016 was
1,866. A little more than half of students (51.2%) were from families receiving public aid and
eligible to receive free or reduced-price lunches. In relation to technology tool usage, freshmen,
sophomores, and juniors used Chromebook computers, while only seniors used regular PC laptop
computers. The details of the participant demographics and technology usage information in the
current study are reported in Chapter 4.

Survey and Data Collection

For instrumentation in the current study, the researcher developed a web-based survey
questionnaire (see Appendix F) using the Qualtrics, which was online survey software. The webbased survey questionnaire included the following information and sets of items: (1) consent
statement, (2) participant demographics (4 items: grade, gender and experience), (3) performance
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expectancy (PE: 9 items), (4) effort expectancy (EE: 8 items), (5) social influence (SI: 6 items),
(6) facilitating conditions (FC: 5 items), (7) attitude toward using technology (ATUT: 5 items),
(8) computer self-efficacy (SE: 4 items), (9) computer anxiety (ANX 4 items), (10) behavioral
intention (BI: 3 items), and (11) use behavior of one-to-one computing technology (UB: 5 items).
There was a total of 53 items in the survey questionnaire.
Prior to beginning the web-based survey, the informed consent statement (see Appendix
G) requested consent to participate in the survey. By closing the survey window in the screen of
their device, participants were able to stop their participation in the survey at any time without
penalties. The participant section consisted of demographic items (grade and gender) and
experience in terms of technology usage. The first item of experience was “In a typical week,
how many hours do you use Chromebooks, laptops, desktop computers or tablet PCs for school
work after school?” The second item of experience was “Approximately, how long have you
been using Chromebooks or laptop computers at school for learning?”. The items for each of the
constructs (PE, EE, SI, FC, SE, ANX, ATUT, BI and UB) used in the current study were sevenpoint Likert items, with response options ranging from 1 = strongly disagree, 2 = disagree, 3 =
somewhat disagree, 4 = neither agree nor disagree, 5 = somewhat agree, 6 = agree, and 7 =
strongly agree.
The NIU IRB approved the current study on October 11, 2016. About three weeks later,
the researcher obtained permission (see Appendix H) for data collection by the superintendent in
the school district of a high school where the data collection was intended to be conducted.
Because the researcher could not have the direct contact information of the sample (e.g., email
addresses), the first invitation to students via email was distributed through the school teachers in
early November 2016, including a recruitment letter which described the current study, web-
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based survey, and data collection procedures. A week later, the researcher distributed a parent
consent waiver form (see Appendix I) to parents via email through the school teachers and the
second invitation with the survey link to students. The parental consent waiver form was
requested to be returned to the researcher within seven days from the date they received it only in
case that they did not agree with their child’s participation in the survey. The researcher did not
receive any parental consent waiver forms by November 14, 2016. Since then, the researcher
regularly sent a reminder of the survey participation to the school teachers once a week by the
week of December 23, 2016. The first survey data set was saved into the NIU Qualtrics database
on November 16, 2016 and it continued by December 23, 2016. A total of 260 students
participated in the survey.

Scales

Latent variables, in general, are presented as circles or ovals in the model diagrams (see
Figure 10). Latent variables were measured indirectly by observed/measured/manifest
variables/items of a survey (e.g., a Likert items; Blunch, 2013). Observed variables are presented
as rectangles or squares in the model diagram (see Figure 11). As seen in Figure 11, RM2
included the six latent variables (e.g., performance expectancy [PE], effort expectancy [EE],
social influence [SI], facilitating conditions [FC], behavioral intention [BI], and use behavior
[UB]) and two observed variables (gender and grade). RM3 (see Figure 12) and RM4 (see Figure
13) consisted of the nine latent variables (e.g., PE, EE, SI, FC, computer self-efficacy [SE],
computer anxiety [ANX], attitude toward using technology [ATUT], BI, and UB).
The items included in the survey questionnaire of this study were those items that were
used to formulate the Venkatesh et al. (2003)’s UTAUT model. They developed the UTAUT
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model integrating the components of the eight-underlying information technology (IT)
acceptance models (e.g., TRA, TAM, MM, TPB, C-TAM-TPB, MPCU, IDT, and SCT). The
Venkatesh et al. (2003)’s original UTAUT model consisted of the four key constructs (PE, EE,
SI, and FC) on BI and UB with four moderators (gender, age, experience, and voluntariness of
use) affecting the relationships between the latent variables. However, the modified UTAUT
model used in this study included the same key constructs of BI and UB of one-to-one
Chromebook/laptop computing technology (referred to as RM1), while gender and grade (rather
than age) served as moderators (referred to as RM2). Experience was not included in the model.
Because the participants use one-to-one Chromebook/laptop computers within the mandatory
usage contexts, voluntariness of use was excluded in the current study.
Although SE, ANX, and ATUT were significant predictors of behavioral intention in the
previous IT acceptance models, the UTAUT model did not include them as direct determinants
in the Venkatesh et al. (2003)’s research. However, RM3 and RM4 included these constructs
predicting BI and UB of one-to-one computing technology. The items of UB in this study were
created based on the one-to-one Chromebook/laptop computer usage of the participants,
reflecting the five different usage behaviors (e.g., communication, classroom activities,
information search, entertainment, and Google Application use).
Venkatesh et al. (2003) created a survey questionnaire (see Appendix J) including the
items adapted from the previous research of the IT acceptance models to validate the UTAUT
model. They conducted longitudinal studies at four different sites (voluntary usage and
mandatory usage contexts) among the samples working under a new technology system. The
eight constructs (PE, EE, SI, FC, SE, ANX, ATUT, and BI) of the UTAUT model were
measured using seven-point Likert items, with 1 = strongly disagree and 7 = strongly agree. The
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internal consistency reliabilities for the eight constructs (see Table 6) were computed along three
different time frameworks (T1, T2, and T3). Additionally, Marchewka and Kostiwa (2007)
assessed the reliability of the eight constructs in the UTAUT model except the construct of UB to
understand students’ perceptions on the use of learning management software using seven-point
Likert items, with item response options ranging from 1 = strongly disagree to 7 = strongly
agree.
Table 6
Internal Consistency Reliabilities, Average Means, and Standard Deviations of the Venkatesh et
al.’s (2003) UTAUT Model
Scalea

ICRb T1c (N=215)

ICR T2c (N=215)

ICR T3c (N=215)

Avg. Mean

Avg. SDd

PE

.92

.91

.91

4.90

1.14

EE

.91

.90

.94

5.39

.93

SI

.88

.94

.92

4.05

1.24

FC

.87

.83

.85

3.82

1.10

SE

.89

.89

.90

5.09

1.10

ANX

.83

.79

.82

3.06

1.21

ATUT

.84

.77

.81

5.00

1.22

BI

.92

.90

.90

4.17

1.16

Note. a Scale: PE = Performance Expectancy; EE = Effort Expectancy; SI = Social Influence; FC = Facilitating
Conditions; SE = Self-Efficacy; ANX = Anxiety; ATUT = Attitude Toward Using Technology; BI = Behavioral
Intention; Possible range from 1 (strongly disagree) to 7 (strongly agree); b ICR: Internal Consistency Reliability; c
T1: 1 week usage; T2: 1-month usage; T3: 3-month usage; d SD: Standard Deviation; Average means and SDs were
averaged across three time points in the study; Adapted from Venkatesh et al. (2003).

Performance Expectancy (PE)
The construct of performance expectancy (PE) refers to “the degree to which an
individual believed that using the system would help him/her to attain gains in job performance”
(Venkatesh et al., 2003, p. 447). This construct was related to the five constructs in the previous
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models: perceived usefulness, extrinsic motivation, job-fit, relative advantage, and outcome
expectations (Venkatesh et al., 2003). The overall reliability (Cronbach’s alpha) of the PE scale
for three different time measurements ranged from .91 to .92 (Venkatesh et al., 2003). The
reliability of PE (4 items) was .84 (Marchewka & Kostiwa, 2007). In this study, the nine items of
PE scale measured the extent to which a student believes using one-to-one Chromebook/laptop
computers would help students to improve their learning performance.

Effort Expectancy (EE)
The construct of effort expectancy (EE) was defined as “the degree of ease associated
with the use of the system” (Venkatesh et al., 2003, p. 450). This construct derived from
perceived ease of use, complexity and ease of use in the prior IT adoption models (Venkatesh et
al., 2003). The overall Cronbach’s alpha reliability of the EE scale ranged from .90 to .94 in the
Venkatesh et al.’s (2003) study. The reliability of EE (4 items) was .89 (Marchewka & Kostiwa,
2007). In the current study, the eight items of EE scale assessed the belief of a student that using
one-to-one laptop computers would help to ease their effort for learning performance.

Social Influence (SI)
Social influence (SI) was defined as “the degree to which an individual perceived that it
was important others believed he or she should use the new system” (Venkatesh et al., 2003, p.
451). The root constructs of SI were subjective norm, social factors, and image (Venkatesh et al.,
2003, p. 451). The overall Cronbach’s alpha reliability for the SI scale ranged from .88 to .94
(Venkatesh et al., 2003). The reliability of SI (5 items) was .77 (Marchewka & Kostiwa, 2007).
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In the current study, the six items of SI scale measured the extent to which important people in
the school think students should use one-to-one laptop computers for learning performance.

Facilitating Conditions (FC)
Facilitating conditions (FC) was defined as “the degree to which an individual believed
that an organizational and technical infrastructure existed to support use of the system”
(Venkatesh et al., 2003, p. 453). The root constructs of FC involved perceived behavioral
control, facilitating conditions, and compatibility (Venkatesh et al., 2003). The overall
Cronbach’s alpha reliability for the FC scale ranged from .83 to .87 (Venkatesh et al., 2003). The
reliability of FC (4 items) was .45 (Marchewka & Kostiwa, 2007). The five items of the FC scale
in this study measured the belief of a student whether the technology support personnel and
resources were available to use one-to-one laptop computers for learning.

Computer Self-Efficacy (SE)
Self-efficacy (SE) was defined as “an individual’s perceptions of his or her ability to use
technologies (e.g., computer use) in the accomplishment of a task” (Compeau & Higgins, 1995b,
p. 191). Computer self-efficacy was discussed by the dimensions of magnitude, strength and
generalizability (Compeau & Higgins, 1995b). For example, they assumed that individuals with
a high computer self-efficacy magnitude might have capacity to accomplish more complex tasks
than those with a lower computer self-efficacy. The overall Cronbach’s alpha reliability for the
SE scale ranged from .89 to .90 (Venkatesh et al., 2003). The reliability of SE (3 items) was .25
(Marchewka & Kostiwa, 2007), which could be interpreted as problematic. For the current study,
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the four items of the SE scale assessed the perceptions of individuals that they had the capacity
to use one-to-one laptop computers to accomplish a task.

Computer Anxiety (ANX)

Computer anxiety (ANX) refers to anxious feelings surrounding computers were assumed
to negatively affect computer use (Compeau & Higgins, 1995b). The SE and ANX constructs
were found to be distinct from the construct of effort expectancy (Venkatesh, 2000) and used
indirect determinants for behavioral intention (Venkatesh et al., 2003). The overall Cronbach’s
alpha reliability for the ANX scale was ranging from .79 to .83 (Venkatesh et al., 2003). The
reliability of ANX (4 items) was .58 (Marchewka & Kostiwa, 2007). The four-item ANX scale
in this study was used to assess the extent of a student’s anxiety for using one-to-one laptop
computers.

Attitude Toward Using Technology (ATUT)
The construct of attitude toward using technology (ATUT) was defined as “an
individual’s overall affective reaction to using a system” (Venkatesh et al., 2003, p. 455). The
root constructs were attitude toward behavior, intrinsic motivation, affect toward use, and affect
in the previous models (Venkatesh et al., 2003). The overall Cronbach’s alpha reliability for the
ATUT scale ranged from .77 to .84 (Venkatesh et al., 2003). The reliability of ATUT (5 items)
was .83 (Marchewka & Kostiwa, 2007). In this study, the five items of ATUT scale measured an
individual’s liking, enjoyment, joy, and pleasure (Venkatesh et al., 2003), aligned with using
one-to-one laptop computers.
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Behavioral Intention (BI)
The construct of behavioral intention (BI) was defined as “the strength of one’s intention
to perform a specified behavior” (David, Bagozzi, & Warshaw, 1989, p. 984). Even though
Venkatesh et al. (2003) did not specify a definition of BI, they hypothesized that BI would have
a significantly positive impact on the use of information technology. The overall Cronbach’s
alpha reliability for the BI scale ranged from .90 to .92 (Venkatesh et al., 2003). The reliability of
BI (3 items) was .99 (Marchewka & Kostiwa, 2007). In this study, the three items of BI scale
measured the strength of an individual student’s behavioral intention to perform using one-to-one
laptop computers.

Use Behavior (UB)
The construct of use behavior (UB) was not defined specifically in the Venkatesh et al.’s
(2003) UTAUT model. The internal consistency reliabilities using the Cronbach’s alpha were not
reported in the literature (Marchewka & Kostiwa, 2007; Venkatesh et al., 2003). In the current
study, the UB measure involved the five core usage behaviors of one-to-one laptop/Chromebook
computers by students such as communication, classroom activities, information search,
entertainment, and applications (e.g., online apps, cloud storage, and online classroom). The five
items were developed by the researcher to assess the frequencies in the core usages of one-to-one
Chromebook/laptop computers for learning.
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Data Preparation for Analysis

To draw valid conclusions from the confirmatory factor analyses (CFA) and structural
equation models (SEMs), it was important that data should be appropriately prepared, and the
researcher provided the details of data preparation (Kline, 2016). The data preparation involved
examination of (1) sample size, (2) incomplete and missing data, (3) outliers and normality, and
(4) linearity and multicollinearity. IBM Statistical Package for the Social Science (SPSS) version
21.0 for Windows was used for the data preparation process.

Sample Size

SEM, in general, requires larger sample sizes than other multivariate analyses (Hair et al.,
2010). The sample size determined the precision and stability with the model that researchers
intended to estimate (Brown, 2015). SEM included parameter estimation and model fit tests.
Ullman (2014) argued that SEM is based on covariance, which is stable with large samples, and
parameter estimates and chi-square tests of fits in SEM are very sensitive to small sample sizes.
Hence, it was indispensable to obtain a large enough sample for the analysis of SEM in the
current study, but there are no concrete “rules of thumb” regarding the minimum sample size.
Soper (2016) provided recommendations for sample size determination based on (see
Appendix K): (1) anticipated effect size, (2) desired statistical power level, (3) number of latent
variables, (4) number of observed variables, and (5) probability level. For the current study, the
UTAUT model included six latent variables and 36 observed variables. The extended UTAUT
model and hypothesized model in this study involve nine latent variables and 49 observed
variables. To calculate a minimum required sample size for assessing model structure, a large
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effect size was specified, and the rest of parameters were set to default settings. The online
calculator estimated that the UTAUT model was recommended to have minimum 200
participants and the hypothesized model required minimum of 133 participants for assessing
model structure.
Hair et al. (2010) proposed the guidelines for minimum sample size (e.g., N ≥ 100) and
minimum number of cases per parameter (e.g., at least 5-10 cases per estimated model
parameter), a standard that also could be applied to SEM. MacCallum, Browne, and Sugawara
(1996) presented recommendations for minimum sample sizes based on degrees of freedom and
effect size. Brown (2015) and Hair et al. (2010) noted that a sample size should depend on
context of the obtained data set and model, considering the following components: (1) the
complexity of model, (2) multivariate normality of the data, (3) the estimation method, (4) the
amount of missing data, and (5) the average error variance of measured variables. Thus, Hair et
al. (2010) suggested sample sizes ranging from 100 to 400 for using maximum likelihood
estimation (MLE) in SEM.

Incomplete and Missing Data

There were incomplete cases in the original data set because participants in the survey
could exit the survey questionnaire at any time they wanted. Of 260 participants, 13 cases of the
original data set were found to be incomplete rather than missing because the 13 participants did
not complete most of the scales (performance expectancy [PE], effect expectancy [EE], social
influence [SI], facilitating conditions [FC], attitude toward using technology [ATUT], anxiety
[ANX], self-efficacy [SE], behavioral intention (BI), and use behaviors [UB]). Thus, these 13

68
incomplete cases in the data set were removed prior to further analyses. This resulted in the
reduction of the sample size to N = 247.
Missing data could have effects on multivariate analyses, particularly the generalizability
of the results (Hair et al., 2010). Researchers should address missing data if more than 10% data
are missing (Hair et al., 2010). Based on the patterns of missing data for a variable in the data,
they could be identified as missing completely at random (MCAR), missing at random (MAR),
or missing not at random (MNAR). According to Rubin’s (1976) definition, missing data are
referred to as MAR if the pattern of missing data does not depend on the missing of a variable
but does depend on values of other observed variables. Missing data are MCAR if the pattern of
missing data does not depend on the missingness of the variable or on other observed data that
have been collected (Schafer & Graham, 2002). While, if the pattern of missing data depends on
the missingness of a variable, the missing data are referred to as MNAR (Schafer & Graham,
2002). After screening the incomplete cases in the original data, 19 cases (7.7% of 247
participants) were found to be missing. Although the proportion of missing data respectively was
less than 10%, the missing data obviously exist in the specifically nonrandom pattern (e.g.,
missing cases at the end of the survey; Raymonds, & Roberts, 1987).
Multivariate analyses of data with missing data assumed that data are missing completely
at random (MCAR; Little, 1988). Prior to applying an imputation method for the missing data,
the missing value analysis in SPSS for the 49 survey items was implemented to examine the
randomness of the missing values, using the expectation maximization (EM) algorithm (Enders
& Peugh, 2004; Little, 1988). Little’s MCAR test indicated non-significance (2 [205, N = 247]
= 211.401, p = .365), which failed to reject the null hypothesis that the data were MCAR. Allison
(2003) indicated that maximum likelihood (ML) and maximum likelihood robust (MLR)
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parameter estimates, such as those used in Mplus (Muthén & Muthén, 2015) for structural
equation modeling (SEM) are effective strategies for dealing with missing data that are MCAR.

Outliers and Normality

Examining box plots, several univariate outliers and extreme values were detected in
most of the observed variables. The extreme values were replaced by values of means ± standard
deviations of observed variables. Univariate outliers were adjusted with “Winsorization” that
brought down outlier values to specified values. Based on Mahalanobis Distance (D2) values, 15
multivariate outliers with small probabilities (p < .001) were detected. It was assumed that these
multivariate outliers could contribute to the multivariate non-normality (Kline, 2016).
Most estimation methods including maximum likelihood (ML) used in SEM assume
multivariate normality for continuous outcome variables (Kline, 2016). Because univariate
normality is a necessary condition for multivariate normality, the examination of univariate
normal distributions could provide some evidence for multivariate normality (Kline, 2016).
To this end, histograms were constructed. The Kolmogorov-Smirnov (K-S) and the
Shapiro-Wilk (S-W) tests for each observed variable were conducted. Results were statistically
significant (p < .001), which rejected the null hypothesis that the data were drawn from a
normally distributed population. The kurtosis and skewness statistics also were examined. These
results were presented in Chapter 4.

Linearity and Multicollinearity

SEM estimates assessed linear relationships among variables (Ullman, 2014). It was not
feasible to assess linearity among latent variables, so using the examination of scatterplot
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matrices among pairs of observed variables, the linear relationships of observed variables could
be assessed (Ullman, 2014). Due to numerous observed variables (49 observed variables), the
observed composite variables of the nine latent variables (PE, EE, SI, FC, SE, ANX, ATUT, BI
and UB) were computed. Throughout assessing the matrix scatterplot of pairs of the observed
composite variables (see Appendix L), the relationships among the latent variables were assumed
as linear. Examination of variance inflation factor (VIF) showed values ranging from 1.2 to 7.6
were present in the data, which indicated there was no extreme multicollinearity.

Data Analysis: Confirmatory Factor Analysis

Confirmatory factor analysis (CFA) is a key component of two-step structural equation
modeling (SEM), which is specified as the measurement model assessing how measured
variables reflected certain latent variables (Thompson, 2004). The CFA method provides a
comprehensive means for validating the measurement model for latent variables (Ahmad, 2013;
Brown, 2015). The results of a measurement model by CFA provide critical evidence for
construct validity, achieved by convergent validity and discriminant validity (Hair et al., 2010).

Measurement Model Validity

Measurement model validity depends on (1) achieving reasonable levels of model fit
statistics for the measurement model, and (2) providing evidence of construct validity (Hair et
al., 2010). Measurement model is evidence of the assessment of validity and reliability (Awang,
2012). Model goodness-of-fit (GOF) represents the extent to which there is a similarity between
the observed and estimated covariance matrices (Wang & Wang, 2012). Model fit indices are
described, and the general criteria are presented in the “Structural Equation Modeling - Model
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Evaluation” section in Chapter 3. The assessments of the nine-construct measurement model are
presented in Chapter 4.

Construct Validity

Construct validity refers to extent to which a set of measured variables represented the
theoretical latent variable they are intended to measure (Hair et al., 2010). In other words,
unidimensional measures are referred to as “a set of measured variables that could be explained
by only one underlying construct” (Hair et al., 2010, p. 674). By removing redundant measured
variables, improved unidimensionality, validity, reliability and fitness of latent variables could be
established (Ahmad, 2013). Construct validity could be established by specific evidence of
convergent validity and discriminant validity.

Convergent validity

CFA has the ability to give distinct evidence of the convergent and discriminant validity
of the latent variables (Brown, 2015; Campbell & Fiske, 1959). Convergent validity is verified
by evidence that different indicators of theoretically similar constructs are strongly interrelated
(Brown, 2015, p. 2). In other words, the indicators (measured variables) of a specific latent
variable should converge a high proportion of variance in common (Hair et al., 2010). Hence,
convergent validity should be established by acceptable levels of factor loadings, construct
reliability (CR: McDonald, 1978), and average variance extracted (AVE: Fornell & Larcker,
1981).
Factor loadings. Factor loadings are the coefficients that connect the measured variables
to their underlying latent variables, which describes how variance (R2) is accounted for by the
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latent variable (Wang & Wang, 2012). If measured variables are unidimensional, all measured
variables have acceptable factor loadings for the individual latent variable. Although there is no
clearly confirmed guideline of cut-off values for the critical magnitude of standardized factor
loadings, an absolute level of .3 could be considered as an acceptable minimum cut-off (Brown,
2015; Thompson, 2004; Wang & Wang; 2012). On the other hand, factor loadings over .7 could
be considered high (Hair et al., 2010), but less than .3 can be poor (Tabachnick & Fidell, 2014).
Awang (2012) proposed that measured variables affecting poor fit in the measurement model due
to low factor loadings should be removed, and the measured variable deletion should not exceed
20% of total measured variables in a model. The factor loadings of all measured variables were
estimated by using Mplus (Muthén & Muthén, 2015).
Construct reliability. The reliability of an instrument provides evidence of whether the
measurement could repeat nearly the same results under identical conditions (Blunch, 2013). In
other words, reliability refers to the extent to which a variable or set of variables is consistent
with what it is intended to measure (Hair et al., 2010; Field, 2009). The reliability of scales could
be estimated by internal consistency reliability (ICR; Cronbach’s alpha) and construct reliability
(CR). The ICR estimated how strongly the measured variables are correlated in the respective
latent variable (Hair et al., 2010). Although conventionally a Cronbach’s alpha greater than or
equal to .8 is good (Nunnally, 1978), the value of .7 could be considered as an acceptable cut-off
threshold (Kline, 1999). Although high reliability is aligned with lower measurement errors, it
does not ensure that a latent variable (construct) is measured accurately (Hair et al., 2010).
The CR refers to the internal consistency of the measured variables representing a latent
variable (Hair et al., 2010). The CR values for the constructs in the measurement model are
calculated by using Raykov’s (1997) construct reliability (CR) as the following equation:
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CR =

(∑ Κ)

2

2

[(∑ Κ) +(∑ 1−Κ2 )]

(3.1)

where 𝛫 = the standardized factor loading of a measured variable (McDonal, 1978; Revelle &
Zinbarg, 2009). Hair, Black, Babin, Anderson, and Tatham (2010) noted that the value of CR
greater than .7 is recommended but a value greater or equal to .5 is acceptable to achieve CR of
the construct. The ICR and CR values for the nine-construct measurement model were reported
in Chapter 4.
Average variance extracted. The convergent validity values in the measurement model
also are calculated by using Fornell and Larcker’s (1981) average variance extracted (AVE) as
the following equation:
2

AVE =

(∑ Κ)
𝑁

(3.2)

where N = the number of items of the construct in the model. The desirable AVE value of the
construct in the model to establish convergent validity should be 0.5 or greater (Fornell &
Larcker, 1981; Hair et al., 2010).

Discriminant validity

Discriminant validity is achieved by results showing that the measured variables of a
respective construct are not highly intercorrelated (Brown, 2015, p. 2). Discriminant validity is
estimated by comparing the Fornell and Larcker’s (1981)’s AVE values and the squared
interconstruct correlation (SIC). To determine discriminant validity, the AVE vales for the two
constructs in the model should be higher in the value of SIC (Walker, Reeves, & Smith, 2016).
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Data Analysis: Structural Equation Modeling

A set of techniques of two-step structural equation modeling (SEM) was employed to
respond to the research questions and the hypothesis testing in the current study. Wang and
Wang (2012) noted that SEM is a combination of confirmatory factor analysis (e.g., a
measurement model) and structural equations (e.g., a structural model). Throughout SEM, the
measurement model estimates the relationships between underlying unobserved latent variables
and observed measured variables, while the structural model estimates the causal relationships
among the latent variables free of measurement errors (Hair et al., 2010). For the analyses of
SEM, Mplus version 7.4 (Muthén & Muthén, 2015) for Windows was used. SEM goes through
the following five steps that specify most SEM applications (Bollen & Long, 1993):
1. Model formulation. This refers to correctly specifying the SEM model that the researcher
wants to test. The model might be formulated on the basis of theory or empirical findings.
A general SEM model is composed of two parts: the measurement model and the
structural model.
2. Model identification. This determined whether there is a unique solution for all the free
parameters in the specified model. Model estimation could not be implemented if a model
is not identified, and model estimation could not converge or reach a solution if the
model is misspecified.
3. Model estimation. This is to estimate model parameters and generate fitting functions.
Various estimation methods are available for SEM. The most common method for SEM
model estimation is maximum likelihood.

75
4. Model evaluation. After meaningful model parameter estimates are obtained, the
researcher needs to assess whether the model fits the data. If the model fits data well and
results are interpretable, then the modeling process could stop after this step.
5. Model modification. If the model does not fit the data, re-specification or modification of
the model would be needed. In this instance, the researcher makes a decision regarding
how to delete, add, or modify parameters in the model. The fit of the model might be
improved through parameter re-specification. Once a model is re-specified, steps 1
through 4 could be carried out again. The model modification would be repeated more
than once in real research.

Model Formulation

In the analysis of SEM, a measurement model is the measurement approach of SEM
(Wang & Wang, 2012). The measurement model across the research models to be estimated was
formulated (see Figure 14). The diagram of the measurement model for the nine-construct
hypothesized model specified the relationships between the observed variables and underlying
latent variables. The measurement model for the current study involved 49 observed variables
(indicators/items) and nine latent variables: (1) performance expectancy (PE), (2) effort
expectancy (EE), (3) social influence (SI), (4) facilitating conditions (FC), (5) computer selfefficacy (SE), (6) computer anxiety (ANX), (7) attitude toward using technology (ATUT), (8)
behavioral intention (BI), and (9) use behavior (UB) of one-to-one Chromebook/laptop
computing technology. For instance, the latent variable BI consists of the three observed
variables BI1, BI2, and BI3. The standardizmOed coefficients (factor loadings) represent the
links between the observed variables (BI1, BI2, and BI3) and the latent variable (BI).
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Figure 14: The Measurement Model.
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In a measurement model, latent variables are correlated with each other. The two latent
variables, PE and EE correlated with each other. By default, the first factor loading of the first
observed variable (BI1) of a latent variable (BI) is set to 1.0. Structural models of SEM for the
research models (see Figure 10, 11, 12, and 13) to be estimated were formulated and the sixconstruct UTAUT model included moderating effects of gender and grade. In the structural
portion of RM4, PE, EE, SI, FC, and SE were identified as exogenous variables, while ANX,
ATUT, BI, and UB were endogenous variables.

Model Identification

A preliminary check of the identifiability with all observed variables of the nine-construct
measurement model was conducted. With 49 observed variables, there are (49 x (49 +1))/2 =
1225 data points. This measurement model indicated that 182 free parameters were to be
estimated with 1092 degree of freedom. Thus, this measurement model was assumed to be overidentified.

Model Estimation

ML estimation is employed for SEM under the assumption of multivariate normality and
large sample size (Hair et al., 2010). ML under conditions of violation of multivariate normality
and small sample size would be more likely to yield a large chi-square statistic, leading to model
rejection. Hence, Satorra and Bentler (1988) proposed to adjust the estimate parameters to
account for multivariate non-normality. Mplus (Muthén, & Muthén, 2015) offers robust ML
estimation procedures such as MLM and MLR. MLR is appropriate for small and medium
sample size and MLR in Mplus could appropriately deal with missing data that are MCAR and
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MAR (Hair et al., 2010). Therefore, in the current study, MLR was recommended to estimate a
measurement model and structural model for SEM.

Model Evaluation

The chi-square test statistic and associated significance was examined for each model, as
well as values of comparative fit index (CFI), Tucker-Lewis Index (TLI), Root Mean Square
Error of Approximation (RMSEA), and Standardized Root Mean Residual (SRMR).
Table 7
General Criteria for Model Goodness-of-Fit
Nb < 250

N > 250

Fit Index
ma ≤ 12

12 < m < 30

m ≥ 30

m ≤ 12

12 < m < 30

Chi-square (χ2)

Nonsignificant
p values
expected

Significant p Significant
values even p values
with good
expected
fit

Root Mean
Square Error of
Approximation
(RMSEA)
Standardized
Root Mean
Square
Residual
(SRMR)

< .08 with
CFI = .97 or
higher

< .08 with
CFI = .95 or
higher

Biased
.08 or less
upward; use (with CFI
other indices of .95 or
higher)

Less
than .09
(with CFI
above .92)

Biased
.08 or less
upward; use (with CFI
other indices above .92)

Comparative
Fit Index (CFI)
or
Tucker-Lewis
Index (TLI)

.97 or better

Above .92

.95 or better

.95 or better

< .08 with
CFI
above .92

Nonsignificant
p values
even with
good fit
< .07 with
CFI = .97 or
higher

m ≥ 30

Significant p Significa
values
nt p value
expected
expected

< .07 with
CFI = .92 or
higher

Above .92

< .07
with CFI
= .90 or
higher
.08 or
less (with
CFI
above
.92)
Above
.90

Note. a m = number of observed variables; b N = number of observations per group as CFA; Adapted from Hair et al.
(2010).
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Hu and Bentler (1999) provide the cut-off RMSEA values for a good model fit as values
less than .06. In addition, the extended criteria of RMSEA are often used as: 0 = perfect fit; < .05
= close fit; .05-.08 = fair fit; .08-.10 = mediocre fit; and >.10 = poor fit (MacCallum, Browne,
and Sugawara, 1996). The cut-off value of SRMR for a good fit should be less than .08 (Hu &
Bentler, 1999) and the value less than .10 could be acceptable (Kline, 2016). For CFI, Hu and
Bentler (1999) suggested that the minimum rule of thumb reasonable cut-off was .95 for a good
model fit. In general, TLI values are lower than CFI values, but the recommended cut-off is the
same as CFI (Wang & Wang, 2012). General criteria for fit indices are presented in Table 7.

Model Modification

Ullman (2014) indicated that there are two sufficient reasons for modifying an SEM
model: (1) to improve model fit, and (2) to test hypotheses. For the analyses of SEM, the
researcher specifies a model based on the UTAUT model (Venkatesh et al., 2003). In general, it
is very common that the tentative initial model would not fit data well and the possible
determinants leading to the lack of model fit needed to be located in the initially specified model.
Then, the initial model should be modified and tested using the same data, which is called model
re-specification (Kline, 2016; Wang & Wang, 2012).
Re-specification should be made based on several considerations (Kline, 2016) of: (1)
providing theoretical reasons for a respecified model, (2) finding differences between an initial
model and respecified model, and (3) addressing its re-specifications. Mplus (Muthén, &
Muthén, 2015) offers modification indices (MIs; Sörbom, 1989) to improve the initial model that
does not fit the data. The MIs aligned with the fixed parameters of the model are used to
determine model misspecifications (Wang & Wang, 2012). An MI represents the decrease in
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model χ2 statistic with 1 df indicating if a particular parameter is freed from a constraint in the
prior model. For example, a drop of 3.84 in a χ2 statistic with 1 df presents a significant
improvement model fit at p ≤ .05.
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CHAPTER 4
RESULTS

The current study aimed to investigate the relationships among the core constructs
(performance expectancy [PE], effort expectancy [EE], social influence [SI], and facilitating
conditions [FC] of research models 1 and 2 (RM1 and RM2), and additionally computer selfefficacy [SE], computer anxiety [ANX], and attitude toward using technology [ATUT]) of
research models 3 and 4 (RM3 and RM4) and behavioral intention (BI) and use behavior (UB) of
one-to-one Chromebook/laptop computing technology among secondary school students. Using
the two-step analysis of confirmatory factor analysis (CFA) and structural equation modeling
(SEM), this study assessed the extent to which the core constructs were associated with BI and
UB and to which gender and grade moderated the relationships of PE, and EE on BI of one-toone Chromebook/laptop computing technology.
Thus, in the current study the primary research questions are as follows:
1. Which model best accounts for acceptance and use of one-to-one Chromebook/laptop
computing technology among U.S. Midwestern secondary school students: (1) research
model 1 and 2 with the influences of these four constructs (e.g., performance expectancy,
effort expectancy, social influence, and facilitating conditions), (2) research model 3, or
(3) research model 4 with the influences of these three constructs (e.g., computer selfefficacy, computer anxiety, and attitude toward using technology)?
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2. To what extent are research model 1 constructs (e.g., performance expectancy, effort
expectancy, social influence, and facilitating conditions) associated with behavioral
intention and use behavior of one-to-one Chromebook/laptop computing technology
among U.S. Midwestern secondary school students?
3. To what extent are research model 2 constructs (e.g., performance expectancy, effort
expectancy, social influence, and facilitating conditions) associated with behavioral
intention and use behavior of one-to-one Chromebook/laptop computing technology
among U.S. Midwestern secondary school students?
4. To what extent are research model 3 constructs (e.g., computer self-efficacy, computer
anxiety, and attitudes toward using technology) associated with behavioral intention to
use one-to-one Chromebook/laptop computing technology among U.S. Midwestern
secondary school students, after accounting for the following constructs (e.g.,
performance expectancy, effort expectancy, social influence, and facilitating conditions)?
5. To what extent are research model 4 constructs (e.g., computer self-efficacy, computer
anxiety, and attitudes toward using technology) associated with behavioral intention and
use behavior of one-to-one Chromebook/laptop computing technology among U.S.
Midwestern secondary school students, after accounting for the following constructs
(e.g., performance expectancy, effort expectancy, social influence, and facilitating
conditions)?

Prior to Structural Equation Modeling

Prior to the analyses of the confirmatory factor analysis (CFA) and structural equation
modeling (SEM) for the UTAUT model, nine-construct extended UTAUT model, and
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hypothesized model, participant information and descriptive statistics of observed variables were
reported.

Participants

According to the Illinois State Board of Education (2016) report on the population of the
high school in which the data collection was conducted, 1866 students were enrolled in 2016.
The population of students consisted of White (59.8 %), Hispanic (31.7%), American Indian
(2.9%), Asian (2.8%), Black (2%), two or more races (0.6%), and Pacific Islander (0.1%).
From this population, 260 students (13.93% of the population) participated in this study.
Thirteen students did not finish most of the survey items, so these cases were removed from the
data. Throughout data screening, 247 cases were used for CFA and SEM.
As seen in Table 8, 121 (50.2%) of 241 participants were female and 120 (49.8%) were
male participants. The participation rates between male and female participants were almost
even. Almost half of the participants (48.9%) were freshmen (118). The next highest proportion
of the participants was 79 juniors (32.8%). Twenty-nine participants (12.1%) were seniors and
15 (6.2%) were sophomores. Especially, freshmen participated most in the survey, while
sophomores participated least in the survey. It can be assumed that more freshmen showed their
willingness to participate in this study than in any other grade. On the other hand, freshmen were
more likely to be selected throughout a participant recruiting process. This resulted in a bias of
grade proportions in the participants.
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Table 8
Demographics of Participants (N = 247)
Grade
Gender

Freshman

Sophomore

Junior

Senior

Total (%)

Female

61 (25.3%)

9 (3.7%)

33 (13.7%)

18 (7.5%)

121 (50.2%)

Male

57 (23.6%)

6 (2.5%)

46 (19.1%)

11 (4.6%)

120 (49.8%)

Total

118 (48.9%)

15 (6.2%)

79 (32.8%)

29 (12.1%)

241 (100%)

Note that six cases were missing.

The participants were asked how long they have been using Chromebook/laptop
computers at school for leaning (see Figure 15). Among 247 participants, 183 students (74.1%)
used Chromebook/laptop computers for less than six months in learning at school. Thirty-four
participants (13.8%) used Chromebook/laptop computers for more than three years at school. In
relation to technology (e.g., Chromebooks, laptops, desktops, or tablet PCs) usage hours after
school as presented in Figure 16, 60 participants (24.3%) reported they used those technologies
for more than 1 hour and less than 2 hours per week to do school work after school. Almost three
quarters (74.8%) of the entire participants spent up to 4 hours every week in using those
technologies for schoolwork. In particular, 45 participants (18.2%) spent more than 5 hours a
week in using those technologies for schoolwork.
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Figure 15: Bar Chart of Time Periods for Chromebook/Laptop Usage at School.
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Descriptive Statistics of Observed Variables

In the current study, RM1 and RM2 were composed of the six latent constructs: (1)
performance expectancy [PE], (2) effort expectancy [EE], (3) social influence [SI], (4)
facilitating conditions [FC], (5) behavioral intention [BI], and (6) use behavior [UB] of one-toone Chromebook/laptop computing technology among secondary school students. RM2 included
the moderating factors, gender and grade. Additionally, the three latent constructs: (1) computer
self-efficacy [SE], (2) computer anxiety [ANX], and (3) attitude toward using technology
[ATUT] were added to RM3 and RM4. Initially, the nine latent constructs included a total of 49
items to measure. Each measure used seven-point Likert items with response options ranging
from 1 = strongly disagree to 7 = strongly agree.
Table 9 shows that the means of the PE items (9 observed variables) ranged from 4.36 to
5.53 with standard deviations ranging from 1.31 to 1.59. All observed variables of PE were
negatively skewed. The kurtosis values varied, ranging from -.69 to 1.11. PE9 was the most
peaked distribution in the PE variables. Using In’nami and Koizumi’s (2013) cut-off criteria
(skewness/std. error < 2.58 or kurtosis/std. error < 3.29), most of the PE variables violated
univariate normality.
The means of the EE items (8 observed variables) ranged from 2.70 to 6.09 with standard
deviations ranging from 1.05 to 1.85. All observed variables of EE were negatively skewed
except for EE7 and EE8 because they were negatively stated in the survey questionnaire. Like
PE, the kurtosis values of EE variables ranged from -.44 to 1.84. EE3 represented the most
peaked distribution. No variables were normally distributed, using In’nami and Koizumi’s cutoff criteria.
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The means of the SI items (6 observed variables) ranged from 4.02 to 5.65 with
standard deviations ranging from 1.06 to 1.74. All observed variables of SI were
negatively skewed. The kurtosis values varied, ranging from -.72 to .44. SI6 indicated the flattest
distribution in the SI observed variables. According to In’nami and Koizumi’s cut-off criteria,
SI1, SI2, SI4, and SI6 represented normal distributions.

Table 9
Descriptive Statistics of Observed Variables (N = 247)
Variable
Namea

Mean

SDb

Skewness

Kurtosis

PE1
PE2
PE3
PE4
PE5
PE6
PE7
PE8
PE9
EE1
EE2
EE3
EE4
EE5
EE6
EE7
EE8

5.38
4.96
4.60
5.31
4.90
4.36
4.79
5.04
5.53
6.09
5.56
5.76
5.47
5.63
5.79
2.80
2.70

1.40
1.42
1.58
1.59
1.46
1.55
1.51
1.39
1.31
1.05
1.25
1.20
1.26
1.30
1.11
1.85
1.82

-.91
-.56
-.30
-.89
-.63
-.30
-.58
-.75
-1.01
-1.10
-.79
-1.25
-.56
-1.01
-.82
.93
.93

.25
-.09
-.69
.10
.26
-.39
-.14
.33
1.11
.29
.21
1.84
-.44
.76
.08
-.36
-.32

| Skewness/
Std. Error |
(.16)
5.68
3.50
1.87
5.56
3.93
1.87
3.62
4.68
6.31
6.87
4.93
7.81
3.50
6.31
5.12
5.81
5.81

| Kurtosis/
Std. Error |
(.32)
.78
.28
2.15
.31
.81
1.21
.43
1.03
3.46
.90
.65
5.75
1.37
2.37
.25
1.12
1.00

Univariate
Normalityc
Non-normal
Non-normal
Normal
Non-normal
Non-normal
Normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal

Note. a Variable name: PE = Performance Expectancy; EE = Effort Expectancy; Possible range from 1 (strongly
disagree) to 7 (strongly agree); b SD: Standard Deviation; c Univariate Normality: Normality ensured as the absolute
value < 2.58 (skewness) or 3.29 (kurtosis) adapted from In’nami and Koizumi (2013).
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Table 9 (continued)
Variable
Namea

Mean

SDb

Skewness

Kurtosis

SI1
SI2
SI3
SI4
SI5
SI6
FC1
FC2
FC3
FC4
FC5
SE1
SE2
SE3
SE4
ANX1
ANX2
ANX3
ANX4
ATUT1
ATUT2
ATUT3
ATUT4
ATUT5
BI1
BI2
BI3
UB1
UB2
UB3
UB4
UB5

4.18
4.28
5.16
5.45
5.65
4.02
5.73
5.99
4.18
5.41
4.98
5.47
5.06
5.22
4.75
3.87
3.94
3.26
2.89
5.33
5.25
5.29
5.10
5.30
5.60
4.89
4.91
4.37
5.83
5.71
4.83
5.96

1.40
1.35
1.43
1.16
1.06
1.74
1.09
.92
1.60
1.31
1.60
1.34
1.35
1.36
1.44
1.70
1.89
1.83
1.71
1.36
1.52
1.40
1.55
1.47
1.09
1.61
1.70
1.83
1.09
1.19
1.67
1.16

-.35
-.18
-.95
-.38
-.60
-.25
-.87
-.78
-.07
-.97
-.92
-.80
-.63
-.78
-.47
-.16
-.11
.46
.58
-.78
-1.13
-.96
-.79
-.86
-.47
-.70
-.74
-.37
-.89
-.93
-.80
-.97

.44
.32
.71
-.66
-.37
-.72
.14
-.07
-.58
1.04
.25
.24
.19
.50
.11
-.73
-1.10
-.81
-.65
.05
1.05
1.00
.14
.52
-.57
-.16
-.20
-1.02
.39
.33
-.06
-.07

| Skewness/
Std. Error |
(.16)
2.18
1.12
5.93
2.37
3.75
1.15
5.43
4.87
.43
6.06
5.75
5.00
3.93
4.87
2.93
1.00
.68
2.87
3.62
4.87
7.06
6.00
4.93
5.37
2.93
4.37
4.62
2.31
5.56
5.81
5.00
6.06

| Kurtosis/
Std. Error |
(.32)
1.37
1.00
2.21
2.06
1.15
2.25
.43
.21
1.81
3.25
.78
.75
.59
1.56
.34
2.28
3.43
2.53
2.03
.15
3.28
3.12
.43
1.62
1.78
.50
.62
3.18
1.21
1.03
.18
.21

Univariate
Normalityc
Normal
Normal
Non-normal
Normal
Non-normal
Normal
Non-normal
Non-normal
Normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Non-normal
Normal
Non-normal
Non-normal
Non-normal
Non-normal

Note. a Variable name: SI = Social Influence; FC = Facilitating Conditions; SE = Self-Efficacy; ANX = Anxiety;
ATUT = Attitude Toward Using Technology; BI = Behavioral Intention; UB = Use Behaviors; Possible range from
1 (strongly disagree) to 7 (strongly agree); b SD: Standard Deviation; c Univariate Normality: Normality ensured as
the absolute value < 2.58 (skewness) or 3.29 (kurtosis) adapted from In’nami and Koizumi (2013).
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The means of the FC items (5 observed variables) ranged from 4.18 to 5.99 with
standard deviations ranging from .92 to 1.60. All observed variables of FC were negatively
skewed. The kurtosis values ranged from -.58 to 1.04. FC4 represented the most peaked
distribution in the FC observed variables. Using In’nami and Koizumi’s cut-off criteria, all
variables represented non-normal distributions, except for FC3.
The means of the SE items (4 observed variables) ranged from 4.75 to 5.47 with
standard deviations ranging from 1.34 to 1.44. All observed variables of SI were negatively
skewed. The kurtosis values ranged from .11 to .50. SE variables presented that data were
relatively close to a normal distribution. However, according to In’nami and Koizumi’s cut-off
criteria, all SE variables represented non-univariate normality.
The means of the ANX items (4 observed variables) ranged from 2.89 to 3.94 with
standard deviations ranging from 1.70 to 1.89. ANX1 and ANX2 were negatively skewed and
ANX3 and ANX4 were positively skewed. All the kurtosis values were negative, ranging from 1.10 to -.65, representing the distributions of the ANX variables were relatively flat. According
to In’nami and Koizumi’s cut-off criteria, ANX1 indicated normal distributions and the other
variables indicated non-normal distributions.
The means of the ATUT items (5 observed variables) ranged from 5.10 to 5.33 with
standard deviations ranging from 1.36 to 1.55. All observed variables of ATUT were negatively
skewed. All of the kurtosis values were positive, ranging from .05 to 1.05. ATUT1 represented
the closest normal distribution. Using In’nami and Koizumi’s cut-off criteria, none of the ATUT
variables presented univariate normality.
The means of the BI items (3 observed variables) ranged from 4.89 to 5.60 with
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standard deviations ranging from 1.09 to 1.70. All observed variables of BI were negatively
skewed. All of the kurtosis values were negative, ranging from -.57 to -.16. All variables
indicated flat distributions. According to In’nami and Koizumi’s cut-off criteria, none of the data
in the BI variables normally distributed.
The means of the UB items (5 observed variables) ranged from 4.37 to 5.96 with
standard deviations ranging from 1.09 to 1.83. All observed variables of UB were negatively
skewed. The kurtosis values varied, ranging from -1.02 to .39. UB1 represented the flattest
distribution in the UB observed variables. Using In’nami and Koizumi’s cut-off criteria, all the
UB variables represented non-normal distributions, except for UB1.
In conclusions, this study assumed that the data violated the assumption of multivariate
normality. Thus, it determined to use a robust maximum likelihood estimation (MLR; Muthén, &
Muthén, 2015) for SEM.

Confirmatory Factor Analysis

There were at least two purposes of conducting confirmatory factor analysis (CFA) on
the data for this study as follows: (1) to assess the model fit statistics of a measurement model
with the nine latent constructs (performance expectancy [PE], effort expectancy [EE], social
influence [SI], facilitating conditions [FC], computer self-efficacy [SE], computer anxiety
[ANX], attitude toward using technology [ATUT], behavioral intention [BI], and use behavior
[UB]), and (2) to provide evidence for construct validity which supports for convergent validity
(e.g., factor loadings, AVE, and CR) and discriminant validity (Brown, 2015). Robust maximum
likelihood estimation (MLR) was employed for the measurement model in SEM. The evaluation
of model fit for the measurement model was a preliminary procedure for SEM, which ensured
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the validity of the latent variables for the UTAUT model, extended UTAUT model, and
hypothesized model.

Measurement Model Validity

Measurement model validity was assessed by examining model fit indices for the nineconstruct measurement model.

Nine-construct measurement model

After the first run of CFA for the measurement model with the nine constructs in Mplus
version 7.4 for Windows, the model fit indices (Model Fit Information in Mplus output) were
reported. As presented in Table 10, overall the nine-construct measurement model fit poorly to
the data (χ2 [1092] = 2767.373, p < .001; CFI = .757; TLI = .738; RMSEA = .079; SRMR
= .123). Factor loadings of the observed variables (items) were presented in Table 11. Using the
Hair et al.’s (2010) factor loading cut-off ( β > .70), poorly performing items with low factor
loadings were identified and shown in bold in Table 11. Because a latent construct should have a
least three measured variables for SEM (Kline, 2016), this cut-off did not apply for BI measured
variables (3 items). To improve model fit, these poorly performing items were excluded in the
alternative model.
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Table 10
Model Fit Summaries for the Nine-Construct Measurement Model
Index
χ2 value (df), p value
CFI
TLI
RMSEA (95% CI)
p value

2767.373 (1092),
p < .001
.757
.738
.079 (.075, .082)
p < .001

SRMR

.123

Criteria
Non-significant χ2 value

Conclusion
Not satisfactory

Acceptable > .90
Acceptable > .90
Good fit < .05
.05 < Fair fit < .08
.08 < Mediocre fit < .10
.10 < Poor fit

Not satisfactory
Not satisfactory
Fair fit

Acceptable < .08

Not satisfactory

Table 11
Unstandardized and Standardized Coefficients of the Nine-Construct Measurement Model
Latent
Measured
Construct
Variable
Performance
PE1
Expectancy
PE2
(PE)
PE3
PE4
PE5
PE6
PE7
PE8
PE9
Effort
EE1
Expectancy
EE2
(EE)
EE3
EE4
EE5
EE6
EE7
EE8

B

β

SE

1.000
1.197
.747
1.142
1.128
.898
1.243
1.159
.985
1.000
1.110
1.347
1.369
1.516
1.262
-.639
-.607

.787***
.898***
.536***
.780***
.838***
.653***
.884***
.906***
.825***
.726***
.683***
.848***
.828***
.875***
.863***
-.276**
-.264**

.038
.018
.067
.037
.030
.053
.019
.016
.027
.044
.064
.025
.028
.025
.027
.080
.083

Two-tailed
p-value
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p = .001
p = .002

Note. *** p < .001; ** p < .01; * p < .05; Poorly performing item in bold.
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Table 11 (continued)
Latent
Construct
Social
Influence
(SI)

Facilitating
Conditions
(FC)

Computer
SelfEfficacy
(SE)
Computer
Anxiety
(ANX)
Attitude
Toward
Using
Technology
(ATUT)
Behavioral
Intention
(BI)
Use
Behavior
(UB)

Measured
Variable
SI1
SI2
SI3
SI4
SI5
SI6
FC1
FC2
FC3
FC4
FC5
SE1
SE2
SE3
SE4
ANX1
ANX2
ANX3
ANX4
ATUT1
ATUT2
ATUT3
ATUT4
ATUT5
BI1
BI2
BI3
UB1
UB2
UB3
UB4
UB5

B

β

SE

1.000
1.037
1.426
1.195
1.131
.803
1.000
.545
.054
.732
1.435
1.000
1.226
1.109
.875
1.000
1.166
1.564
1.357
1.000
1.148
1.051
1.012
.965
1.000
.868
1.009
1.000
1.141
1.269
.862
1.229

.543***
.582***
.744***
.769***
.790***
.356***
.727***
.567***
.034
.530***
.815***
.663***
.791***
.714***
.551***
.645***
.675***
.920***
.860***
.920***
.932***
.926***
.835***
.834***
.909***
.566***
.619***
.431***
.800***
.816***
.410***
.806***

.091
.089
.046
.049
.048
.076
.029
.089
.100
.095
.052
.083
.054
.067
.088
.051
.045
.029
.029
.013
.015
.024
.036
.032
.021
.074
.062
.077
.045
.044
.084
.042

Note. *** p < .001; ** p < .01; * p < .05; Poorly performing item in bold.

Two-tailed
p-value
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p = .729
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
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Alternative model

The elimination of poorly-performing items resulted in a better model fit for the
alternative model, compared to the nine-construct measurement model. Hence, as presented in
Table 12, the model fit indices indicated that the alternative model fit adequately to the data (χ2
[516] = 916.011, p < .001; CFI = .919; TLI = .906; RMSEA = .056; SRMR = .126).

Table 12
Model Fit Summaries for the Alternative Model
Index
χ2 value (df), p value
CFI
TLI
RMSEA (95% CI)
p value

916.011 (516), p < .001
.919
.906
.056 (.050, .062)
p = .048

SRMR

.126

Conclusion
Not satisfactory
Acceptable fit
Acceptable fit
Fair fit
Not satisfactory

Construct Validity

Construct validity was established by the following evidence of convergent validity and
discriminant validity.

Convergent validity

To achieve convergent validity, factor loadings of measured items, construct reliability
(CR), and average variance extracted (AVE) were assessed.
Factor loadings. The standardized coefficients (factor loadings) of measured variables (items)
were evaluated as shown in Table 13. Especially, 80% of the factor loadings are greater than .70,
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which is recommended as a minimum threshold (Hair et al., 2010). First, the standardized
coefficients for performance expectancy (PE) were sufficiently high, ranging from .798 to .904.
All of the effort expectancy (EE) measured variables had high standardized coefficients with
greater than .70, except for EE1 (β = .667). The social influence (SI) measured variables also had
sufficiently high standardized coefficients, ranging from .752 to .921. Whereas, the facilitating
conditions (FC) measured variables had mediocre factor loadings, ranging from .615 to .856.
Computer self-efficacy (SE) had relatively low standardized coefficients, ranging from .536
to .769. The measured variables for computer anxiety (ANX) had high standardized coefficients,
ranging from .666 to .936. The standardized coefficients of measured variables for attitude
toward using technology (ATUT) were sufficiently high, ranging from .818 to .941. The three
measured variables of behavioral intention (BI) had standardized coefficients ranging from .508
to .930. Lastly, the standardized coefficients for use behaviors (UB) were sufficiently high,
ranging from .785 and .838.

Table 13
Unstandardized and Standardized Coefficients for the Alternative Model
Latent Construct
Performance
Expectancy
(PE)

Measured
Variable
PE1
PE2
PE4
PE5
PE7
PE8
PE9

B

β

SE

1.000
1.147
1.110
1.086
1.135
1.067
.949

.824***
.904***
.798***
.848***
.854***
.881***
.835***

.035
.016
.035
.030
.023
.020
.027

Two-tailed
p-value
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001

Note. *** p < .001; ** p < .01; * p < .05.

(Continued on following page)
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Table 13 (continued)
Latent Construct
Effort
Expectancy
(EE)

Social Influence
(SI)
Facilitating
Conditions
(FC)
Computer
Self-Efficacy
(SE)
Computer
Anxiety
(ANX)
Attitude Toward
Using Technology
(ATUT)

Behavioral
Intention
(BI)
Use Behavior
(UB)

Measured
Variable
EE1
EE3
EE4
EE5
EE6
SI3
SI4
SI5
FC1
FC2
FC5
SE1
SE2
SE3
ANX2
ANX3
ANX4
ATUT1
ATUT2
ATUT3
ATUT4
ATUT5
BI1
BI2
BI3
UB2
UB3
UB5

B

β

SE

1.000
1.405
1.487
1.712
1.428
1.000
.731
.838
1.000
.629
1.532
1.000
.801
.688
1.000
.774
.628
1.000
1.150
1.041
.977
.930
1.000
.756
.915
1.000
1.033
1.090

.667***
.811***
.821***
.897***
.886***
.825***
.752***
.921***
.714***
.615***
.856***
.769***
.624***
.536***
.666***
.936***
.847***
.928***
.941***
.926***
.820***
.818***
.930***
.508***
.578***
.824***
.785***
.838***

.052
.032
.031
.021
.022
.050
.044
.041
.019
.051
.035
.048
.071
.077
.046
.038
.032
.012
.014
.022
.037
.032
.027
.072
.064
.044
.055
.033

Two-tailed
p-value
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001
p < .001

Note. *** p < .001; ** p < .01; * p < .05.

Construct reliability. Using Cronbach’s alpha, internal consistency reliabilities (ICR) of
scale scores were computed as presented in Table 14. As an acceptable cut-off threshold for ICR,
Cronbach’s  = .70 is recommended (Kline, 1999). Most of Cronbach’s alphas were sufficiently
large, ranging from .727 and .934, except for FC ( = .604). Construct reliabilities (CR) for the
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scales were computed as shown in the bottom row of Table 15. The acceptable value of CR was
greater or equal to .50, but a value greater than .70 was recommended (Hair et al., 2010). All of
the constructs presented good reliability with high values of CR, ranging from .725 to 949,
except that computer self-efficacy (SE) indicates acceptable reliability (.682).

Table 14
Internal Consistency Reliabilities of Scales
Scalea
(Number of
Items)
PE (7)
EE (5)
SI (3)
FC (3)
SE (3)
ANX (3)
ATUT (5)
BI (3)
UB (3)

Sample Item

ICRb

Using a Chromebook/laptop in my classes would enable me to
accomplish given tasks more quickly.
Learning to use a Chromebook/laptop is easy for me.
Teachers in this school have been helpful in the use of
Chromebooks/laptops.
I have the resources necessary to use a Chromebook/laptop.
I could complete a given task using a Chromebook/laptop even if there
was no one around to tell me what to do.
It scares me to think that I could lose a lot of information using a
Chromebook/laptop by hitting the wrong button.
Using a Chromebook/laptop in my classes is a good idea.
I intend to continue using a Chromebook/laptop to work on classroom
activities and assignments.
I frequently us a Chromebook/laptop for Google applications such as
Google classroom, Drive, Docs, Gmail, and other Google apps.

.934
.900
.800
.604
.727
.849
.937
.745
.830

Note. a Scale: PE = Performance Expectancy; EE = Effort Expectancy; SI = Social Influence; FC = Facilitating
Conditions; SE = Computer Self-Efficacy; ANX = Computer Anxiety; ATUT = Attitude Toward Using Technology;
BI = Behavioral Intention; UB = Use Behaviors; Possible range from 1 (strongly disagree) to 7 (strongly agree); b
ICR: Internal Consistency Reliability.

Average variance extracted. As presented in the diagonal low of Table 15, all the latent
constructs estimated average variance extracted (AVE) values. The AVE values were as follow:
PE = .722; EE = .673; SI = .698; FC = .540; SE = 423; ANX = .679; ATUT = .747; BI = .486;
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and UB = .666. Using the recommended threshold that were greater than .50 (Fornell & Larcker,
1981; Hair et al., 2010), SE and BI would have negative impacts on establishing convergent
validity.
Table 15
Construct Reliability, Average Variance Extracted and Squared Intercorrelations
Variablea

PE

PE

.722

EE

.509

.673

SI

.286

.366

.698

FC

.777

.649

.446

.540

SE

.627

.640

.499

.829

.423

ANX

.026

.118

.024

.100

.031

.679

ATUT

.685

.492

.278

.883

.687

.038

.747

BI

.576

.448

.514

.779

.788

.049

.672

.486

UB

.349

.407

.418

.532

.697

.047

.391

.762

.666

CRb

.948

.911

.873

.776

.682

.862

.949

.725

.857

EE

SI

FC

SE

ANX

ATUT

BI

UB

Note. Variablea: PE = Performance Expectancy; EE = Effort Expectancy; SI = Social Influence; FC = Facilitating
Conditions; SE = Computer Self-Efficacy; ANX = Computer Anxiety; ATUT = Attitude Toward Using Technology;
BI = Behavioral Intention; UB = Use Behaviors; CRb (Construct Reliability) on Bottom Row; Average Variance
Extracted (AVE) on Diagonal; Squared Intercorrelation on Lower Matrix; If either of AVEs  corresponding SIC,
SIC presented in bold.

Discriminant validity

As shown in Table 15, all pairs of AVE values were compared to the corresponding
squared intercorrelations (SICs). As a result, FC, SE, and BI appeared to be less discriminable
among the latent constructs. Although these constructs could undermine construct validity, these
constructs served as critical predictors in the research models for the current study. Thus, FC,
SE, and BI were determined to use in the structural models.
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Structural Models

In the current study, structural equation modeling (SEM) was used to specify the
structural model and assessed the structural model validity for RM 1 and RM2 (including the
moderating effects of gender and grade) with the main constructs of the UTAUT model (e.g.,
performance expectancy [PE], effort expectancy [EE], social influence [SI], and facilitating
conditions [FC]) and RM3 and RM4 with additional three constructs (e.g., self-efficacy [SE],
anxiety [ANX], and attitude toward using technology [ATUT]). Structural models of SEM focus
on the relationships among latent constructs (Hair et al., 2010), representing structural
hypotheses for the four research models. “Once the factorial structure of the underlying
constructs is validated using CFA, the measurement model is ready to be used for further studies
on relationships involving latent variables/factors” (Wang & Wang, 2012, p. 90).
The structural models were specified by assigning relationships to another based on the
research models in this study. After structural model specification, it is recommended to assess
the validity of the structural models by assessing fit indices, associated with hypothetical
relationships in the four research models. To estimate the structural model, the current study
employed a robust maximum likelihood estimation (MLR; Muthén, & Muthén, 2015).

Research Model 1

As depicted in Figure 17, RM1 was evaluated. As fit indices presented in Table 16
indicated, RM1 appeared to fit adequately to the data (χ2 [237] = 441.011, p < .001; CFI = .929;
TLI = .918; RMSEA = .059; SRMR = .145). Within RM1, PE and SI had significant effects on
BI (β = .423, p < .001; β = .488, p < .001, respectively), while EE had no significant effect on BI.
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UB was significantly predicted by BI (β = .895, p < .001), while FC had no significant effect on
UB. The percentage of variation in BI explained by PE, EE, and SI was 74.0% (R2 = .740) and
BI and FC accounted for 75.7% in the variance of UB (R2 = .757). Table 17 summarizes the
hypothesis testing results for RM1.

PE

.423***
R2 = .740***
.073
EE

R2 = .757***
.895***

BI

UB

.488***
-.034
SI

*** p < .001; ** p < .01; *p < .05.
Significant path

FC

Non-significant path

Figure 17: Standardized Estimates of Research Model 1.
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Table 16
Model Fit Summaries for Research Model 1
Index
χ2 value (df), p value
CFI
TLI
RMSEA (95% CI)
p value

441.312 (237), p < .001
.929
.918
.059 (.050, .068)
p = .042

SRMR

.145

Conclusion
Not satisfactory
Acceptable fit
Acceptable fit
Fair fit
Not satisfactory

Table 17
Results of Hypothesis Testing for Research Model 1
Hypothesis

Results

H1: Performance expectancy (PE) is significantly associated with

Significant effect of PE on BI

behavioral intention (BI) to use 1:1 computing technology.

(the higher PE, the higher BI)

H2: Effort expectancy (EE) is significantly associated with behavioral

Non-significant effect of EE

intention (BI) to use 1:1 computing technology.

on BI

H3: Social influence (SI) is significantly associated with behavioral

Significant effect of SI on BI

intention (BI) to use 1:1 computing technology.

(the higher SI, the higher BI)

H4: Facilitating conditions (FC) is significantly associated with use

Non-significant effect of FC

behavior (UB) of 1:1 computing technology.

on UB

H5: Behavioral intention (BI) is significantly associated with use

Significant effect of BI on

behavior (UB) of 1:1 computing technology.

UB (the higher BI, the higher
UB)
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Research Model 2

As shown in Figure 18, RM2 included the six core constructs like RM1 and additionally,
the moderating effects of gender and grade on BI. RM2 estimated the extent that (1) the
interactions between PE, EE, and BI were moderated by gender and grade, and (2)
grade and gender were directly related to BI. Mplus does not provide values of CFI, TLI,
RMSEA or SRMR for models with moderating effects. Fit indices provided for RM2 included
the log-likelihood = - 7870.370; AIC = 15926.739; BIC = 16250.825; and ABIC = 15956.035.
PE and SI had a significant effect on BI (β = .585, p < .001; β = .465, p < .001, respectively), but
EE had no significant effects on BI. BI had a significant effect on UB (β = .899, p < .001), but
FC had no significant effect on UB. BI accounted for 77.6% (R2 = .776) of the variance
explained by PE, EE, SI, gender and grade, while the percentage of variation in UB explained by
BI and FC was 75.6% (R2 = .756). Gender and grade had no direct significant effects on BI (β =
-.012, p = .776; β = .076, p = .070, respectively). The moderating effects of gender and grade
between the two constructs and BI were as follows: (1) PE × gender (β = .066, p = .384), (2) EE
× gender (β = -.156, p = .045), (3) PE × grade (β = -.101, p = .107), and (4) EE × grade (β = .075,
p = .307), respectively. Thus, the significant effect of PE on BI did not depend on gender or
grade. While, the non-significant effect of EE on BI might differ by gender. Table 18
summarizes the hypothesis testing results for RM2.
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PE
.585***

R2 = .776***

R2 = .756***

.066
-.101

.899***

.071

EE

UB

BI
.075

-.156*

.465***
-.039
.071

.076

SI

.071

-.012
.071

Gender
*** p < .001; ** p < .01; *p < .05.
Significant path

Grade

Non-significant path

Figure 18: Standardized Estimates of Research Model 2.

FC
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Table 18
Results of Hypothesis Testing for Research Model 2
Hypothesis

Results

H1: The effect of performance expectancy (PE) on behavioral

No moderating effects of gender

intention (BI) to use 1:1 computing technology is significantly

and grade, but significant direct

moderated by gender and grade.

effect of PE on BI (the higher PE,
the higher BI)

H2: The effect of effort expectancy (EE) on behavioral intention

Significant moderating effect of

(BI) to use 1:1 computing technology is significantly moderated

gender but non-significant effect

by gender and grade.

of EE on BI

H3: The social influence (SI) is significantly related to behavioral

Significant effect of SI on BI (the

intention (BI) to use 1:1 computing technology.

higher SI, the higher BI)

H4: The facilitating conditions (FC) is significantly related to use

Non-significant effect of FC on

behavior (UB) of 1:1 computing technology.

UB

H5: The behavioral intention (BI) is significantly related to use

Significant effect of BI on UB (the

behavior (UB) of 1:1 computing technology.

higher BI, the higher UB)

Research Model 3

Figure 19 described RM3. Compared to RM1, RM3 involved three additional latent
constructs (e.g., computer self-efficacy [SE], computer anxiety [ANX], and attitude toward using
technology [ATUT]). As fit indices presented in Table 19 indicated, RM3 appeared to fit
marginally to the data (χ2 [529] = 956.894, p < .001; CFI = .913; TLI = .902; RMSEA = .057;
SRMR = .127). In RM3, PE (β = .404, p < .001) and SI (β = .405, p < .001) significantly
predicted BI, while EE and ANX had no significant effects on BI. SE and ATUT had significant
effects on PE (β = .421, p = .001; β = .479, p < .001, respectively). SE had a strongly positive
significant effect on EE (β = .910, p < .001). BI also had a positive strong effect on UB (β = .931,
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p < .001). The percentage of variation in BI explained by PE, EE, SI, and ANX, was 74.0% (R2
= .740) and BI and FC accounted for 76.4% in the variance of UB (R2 = .764). For RM3, the
results of hypothesis testing are presented in Table 20.

R2 = .751***
.421**

PE

SE
.910***

IND:
.151**
IND:
.168*

IND:
.151

.404***

R2 = .740***

R2 = .764***

.479***

R2 = .756***
.931***

ATUT

EE
-.049

UB

BI
.168

IND:
-.006

-.037

-.076

-.049

-.049

.405***

SI

*** p < .001; ** p < .01; *p < .05.
Significant path

ANX

Non-significant path

Figure 19: Standardized Estimates of Research Model 3.

FC

IND: Indirect Effect
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Table 19
Model Fit Summaries for Research Model 3
Index
χ2 value (df), p value
CFI
TLI
RMSEA (95% CI)
p value

956.894 (529), p < .001
.913
.902
.057 (.051, .063)
p = .021

SRMR

.127

Conclusion
Not satisfactory
Acceptable fit
Acceptable fit
Fair fit
Not satisfactory

Table 20
Results of Hypothesis Testing for Research Model 3
Hypothesis

Results

H1: Performance expectancy (PE) is significantly associated with

Significant effect of PE on BI (the

behavioral intention (BI) to use 1:1 computing technology.

higher PE, the higher BI)

H2: Effort expectancy (EE) is significantly associated with

Non-significant effect of EE on BI

behavioral intention (BI) to use 1:1 computing technology.
H3: Social influence (SI) is significantly associated with

Significant effect of SI on BI (the

behavioral intention (BI) to use 1:1 computing technology.

higher SI, the higher BI)

H4: Facilitating conditions (FC) is significantly associated with

Non-significant effect of FC on

use behavior (UB) of 1:1 computing technology.

UB

H5: Behavioral intention (BI) is significantly associated with use

Significant effect of BI on UB (the

behavior (UB) of 1:1 computing technology.

higher BI, the higher UB)

(Continued on following page)
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Table 20 (continued)
Hypothesis

Results

H6: Computer self-efficacy (SE) is significantly associated with

Significant effect of SE on PE (the

performance expectancy (PE).

higher SE, the higher PE)

H7: Computer self-efficacy (SE) is significantly associated with

Significant effect of SE on EE (the

effort expectancy (EE).

higher SE, the higher EE)

H8: Attitude toward using technology (ATUT) is significantly

Significant effect of ATUT on PE

associated with performance expectancy (PE).

(the higher ATUT, the higher EE)

H9: Attitude toward using technology (ATUT) is significantly

Non-significant effect of ATUT on

associated with effort expectancy (EE).

EE

H10: Computer anxiety (ANX) is significantly associated with

Non-significant effect of ANX on

behavioral intention (BI) to use 1:1 computing technology.

BI

Research Model 4

As described in Figure 20, RM4 was assessed. Like RM3, RM4 involved the same three
additional latent constructs (e.g., SE, ANX, and ATUT). Table 21 indicated fit indices for this
model. RM4 appeared to fit marginally to the data (χ2 [530] = 957.031, p < .001; CFI = .913; TLI
= .903; RMSEA = .057; SRMR = .127). In RM4, SI and ATUT had significant effects on BI (β
= .346, p < .001; β = .376, p < .001, respectively), while PE, EE, and ANX had no statistically
significant effect on BI. UB was predicted by only BI (β = .655, p < .001). In particular, SE
significantly predicted ANX and ATUT (β = 1.226, p < .001; β = -.279, p = .018, respectively).
The percentage of variation in BI explained by PE, EE, SI, ATUT, and ANX was 75.6% (R2
= .756) and BI, FC, and SE accounted for 76.1% of the variance of UB (R2 = .761). The
hypothesis testing results of RM4 are presented in Table 22.
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R2 = .842***

PE

.918***

ATUT
.164

IND:
.418***

ANX

.456***
-.050

2

R = .055

IND:
.012

BI

EE

-5.628

UB

-.004

.800***

R2 = .756***
SI

SE
-.234*

.358***

5.669

R2 = .761**
FC

*** p < .001; ** p < .01; *p < .05.
Significant path

Non-significant path

IND: Indirect Effect

Figure 20: Standardized Estimates of Research Model 4.

Table 21
Model Fit Summaries for Research Model 4
Index
χ2 value (df), p value
CFI
TLI
RMSEA (95% CI)
p value

957.031 (530), p < .001
.913
.903
.057 (.051, .063)
p = .023

SRMR

.127

Conclusion
Not satisfactory
Acceptable fit
Acceptable fit
Fair fit
Not satisfactory
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Table 22
Results of Hypotheses Testing for Research Model 4
Hypothesis
H1: Performance expectancy (PE) is significantly associated with

Results
Non-significant effect of PE on BI

behavioral intention (BI) to use 1:1 computing technology.
H2: Effort expectancy (EE) is significantly associated with

Non-significant effect of EE on BI

behavioral intention (BI) to use 1:1 computing technology.
H3: Social influence (SI) is significantly associated with

Significant effect of SI on BI (the

behavioral intention (BI) to use 1:1 computing technology.

higher SI, the higher BI)

H4: Facilitating conditions (FC) is significantly associated with

Non-significant effect of FC on

use behavior (UB) of 1:1 computing technology.

UB

H5: Behavioral intention (BI) is significantly associated with use

Significant effect of BI on UB (the

behavior (UB) of 1:1 computing technology.

higher BI, the higher UB)

H6: Attitude toward using technology (ATUT) is significantly

Significant effect of ATUT on BI

associated with behavioral intention (BI) to use 1:1 computing

(the higher ATUT, the higher BI)

technology.
H7: Computer anxiety (ANX) is significantly associated with

Non-significant effect of ANX on

behavioral intention (BI) to use 1:1 computing technology.

BI

H8: Computer self-efficacy (SE) is significantly associated with

Significant effect of SE on ATUT

attitude toward using technology (ATUT).

(the higher SE, the higher ATUT)

H9: Computer self-efficacy (SE) is significantly associated with

Significant effect of SE on ANX

computer anxiety (ANX).

(the higher SE, the lower ANX)

H10: Computer self-efficacy (SE) is significantly associated with

Non-significant effect of SE on

use behavior (UB) of 1:1 computing technology.

UB
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CHAPTER 5
DISCUSSION, RECOMMENDATIONS, AND CONCLUSIONS
The purpose of the current study was to examine secondary school students’ acceptance
and use of one-to-one Chromebook/laptop computing technology as predicted by four research
models developed from the unified theory of acceptance and use of technology (UTAUT) model.
The UTAUT model was frequently used to explore new technology adoption and use in business
and corporate environments, but rarely selected in K-12 settings since its formulation by
Venkatesh et al. in 2003 (Birch & Irvine, 2009). Hence, through the guidance of a modified
UTAUT model, this study provided profound insights into understanding how secondary school
students accepted and used new one-to-one Chromebook/laptop computing technology.
The current study assessed the four research models using two-step structural equation
modeling (SEM): (1) research model 1 (RM1; e.g., performance expectancy [PE], effort
expectancy [EE], social influence [SI], facilitating conditions [FC], behavioral intention [BI],
and use behavior [UB]), (2) research model 2 (RM2) with the moderating effects of gender and
grade, and (3) research model 3 and 4 (RM3 and RM4) including additional constructs (e.g.,
computer self-efficacy [SE], attitude toward using technology [ATUT], and computer anxiety
[ANX]).
Using a two-step structural equation modeling (SEM) analysis, confirmatory factor
analysis (CFA) examined construct validity of the measurement model and measurement model
validity and structural equation modeling (SEM) tested structural model validity and
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relationships between latent constructs of each research model. The results of the current study
allowed discussions of the various aspects in the applications of the modified UTAUT model and
the effects of SE, ANX, and ATUT for one-to-one Chromebook/laptop computing technology
acceptance and use among secondary school students. This chapter discussed findings regarding
the five research questions, interpretations of factors affecting one-to-one computing technology
acceptance based on hypothesis testing, research implication, limitations, future research
recommendations, and conclusions.

Synopsis of the Findings

As presented in Table 23 and 24, the relationships between latent constructs in the
proposed structural models based on the results of the hypothesis testing were summarized.

Table 23
Summary of the Relationships Between Constructs for RM1 and RM2
Independent
Construct
PE

Dependent
Construct
BI

RM1

RM2

Significant

EE

BI

Non-significant

Significant
(No moderating effects of gender and grade)
Non-significant
(Significant moderating effect of gender, but not
grade)

SI

BI

Significant

Significant

FC

UB

Non-significant

Non-significant

BI

UB

Significant

Significant

Note. PE = Performance Expectancy; EE = Effort Expectancy; SI = Social Influence; FC = Facilitating Conditions;
BI = Behavioral Intention; UB = Use Behaviors.
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Table 24
Summary of the Relationships Between Constructs for RM3 and RM4
Independent
Construct

Dependent
Construct

RM3

Independent
Construct

Dependent
Construct

RM4

PE

BI

Significant

PE

BI

Non-significant

EE

BI

Non-significant

EE

BI

Non-significant

SI

BI

Significant

SI

BI

Significant

SE

PE

Significant

SE

ATUT

Significant

SE

EE

Significant

SE

ANX

Significant

ATUT

PE

Significant

ATUT

BI

Significant

ATUT

EE

Non-significant

ANX

BI

Non-significant

ANX

BI

Non-significant

SE

UB

Non-significant

FC

UB

Non-significant

FC

UB

Non-significant

BI

UB

Significant

BI

UB

Significant

Note. PE = Performance Expectancy; EE = Effort Expectancy; SI = Social Influence; FC = Facilitating Conditions;
SE = Computer Self-Efficacy; ANX = Computer Anxiety; ATUT = Attitude Toward Using Technology; BI =
Behavioral Intention; UB = Use Behaviors.

Summary of the Findings for Research Questions

To primarily investigate how secondary school students accepted and used new one-toone Chromebook/laptop computing technology, this study used the two-step SEM that yielded
the model fit statistics for validity of the structural models, investigating whether there were
significant structural relationships between latent constructs in the structural models. According
to the results of SEM, this study presented findings related to the acceptance of use of one-to-one
computing technology among secondary school students.
RQ 1. Which model best accounts for acceptance and use of one-to-one Chromebook/laptop
computing technology among U.S. Midwestern secondary school students: (1) research model 1 and 2
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with the influences of these four constructs (e.g., performance expectancy, effort expectancy, social
influence, and facilitating conditions), (2) the research model 3, or (3) research model 4 with the
influences of these three constructs (e.g., computer self-efficacy, computer anxiety, and attitude toward
using technology)?

Research Model 1. As depicted in Figure 17, RM1 suggested that secondary school
students’ behavioral intention (BI) to use one-to-one computing technology was predicted by
performance expectancy (PE), effort expectancy (EE) and social influence (SI) and their use
behavior was predicted by facilitating conditions and BI. The fit statistics of RM1 indicated
adequate fit to the U.S. Midwestern secondary school students. This study found that 74.0% of
the variance in BI was explained by PE, EE, and SI, and FC and BI accounted for 75.7% of the
variance in UB.
Research Model 2. RM2 hypothesized in Figure 18 that there were moderating
constructs, gender and grade over the same structure of RM1. Gender and grade had no direct
effects on BI, but only gender negatively moderated the effect of EE on BI. EE was nonsignificantly and positively associated with BI. More importantly, the significant effect of PE on
BI did not depend on gender or grade. Similar to RM1, PE, EE, SI, gender, and grade explained
77.6% of the variance in BI. FC and BI accounted for 75.6% of the variance in UB.
Research Model 3. Figure 19 depicted RM3 in which SE and ATUT significantly
determined PE and EE to predict BI for using one-to-one computing technology. ANX directly
predicted BI. Model fit statistics of RM3 presented marginal fit in the U.S. Midwestern
secondary school student samples. The current study found that PE, EE, SI, and ANX accounted
for 74.0% of the variance in BI and 76.4% of the variance in UB was explained by BI and FC.
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Research Model 4. RM4 presented in Figure 20 that UB was determined by BI, SE, and
FC, while BI is determined by PE, EE, SI, ATUT, and ANX. Additionally, SE predicted
positively ATUT and negatively ANX, respectively. Like RM3, fit indices for RM4 presented
marginal fit in the same samples for one-to-one computing technology acceptance and use. In
RM4, 75.6% of the variance in BI was explained by PE, EE, SI, ATUT, and ANX, while BI, SE,
and FC accounted for 76.1% of the variance in UB.
To summarize, among the structural models, RM2 appears to have the highest percentage
of the variance in BI, explained by core constructs to use one-to-one computing technology for
the U.S. Midwestern secondary school students. Nevertheless, there seemed to be no distinct
empirical evidence indicating which of these four structural models best represented the best-fit
model for the U.S. Midwestern secondary school student samples for the acceptance and use of
one-to-one Chromebook/laptop computing technology. A suggested model with good fit
statistics was considered highly desirable, but there could be any potential models with
equivalent fit (Hair et al., 2010). Therefore, given the empirical results from the proposed
structural models, this study suggested possibilities to validate the proposed structural models
with providing more theoretical evidence.
RQ 2. To what extent are research model 1 constructs (e.g., performance expectancy,
effort expectancy, social influence, and facilitating conditions) associated with behavioral
intention and use behavior of one-to-one Chromebook/laptop computing technology among U.S.
Midwestern secondary school students?
Research Model 1. PE positively predicted BI (β = .423), so the higher PE a secondary
school student had, the higher BI to use one-to-one computing technology he/she presented. SI
also significantly predicted BI (β = .488). In other words, the higher SI a student experienced, the
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higher BI he/she indicated. Eventually, UB of computing technology was strongly predicted by
BI (β = .895). Thus, a student with higher BI would more likely use one-to-one computing
technology in the classroom.
RQ3. To what extent are research model 2 constructs (e.g., performance expectancy,
effort expectancy, social influence, and facilitating conditions) associated with behavioral
intention and use behavior of one-to-one Chromebook/laptop computing technology among U.S.
Midwestern secondary school students?
Research Model 2. This model included the moderating effects of gender and grade,
associated with BI to use one-to-one computing technology. Like RM1, PE and SI significantly
predicted BI (β = .585; β = .465, respectively), determining UB of the computing technology (β
= .899). This study, however, found that the significant effect of PE on BI appeared not to be
affected by the moderating effects of gender and grade in RM2.
RQ 4. To what extent are research model 3 constructs (e.g., computer self-efficacy,
computer anxiety, and attitudes toward using technology) associated with behavioral intention to
use one-to-one Chromebook/laptop computing technology among U.S. Midwestern secondary
school students, after accounting for the following constructs (e.g., performance expectancy,
effort expectancy, social influence, and facilitating conditions)?
Research Model 3. PE and EE were significantly determined by SE (β = .421; β = .910,
respectively), while ATUT positively predicted only PE (β = .479). In other words, the higher SE
a secondary school student had, the higher PE and EE he/she presented associated with BI to use
one-to-one computing technology. In addition, a student with more positive ATUT tended to
present higher PE. Like RM2, PE and SI significantly predicted BI (β = .404; β = .405,
respectively), which strongly predicted UB (β = .931) in RM3.
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RQ 5. To what extent are research model 4 constructs (e.g., computer self-efficacy,
computer anxiety, and attitudes toward using technology) associated with behavioral intention
and use behavior of one-to-one Chromebook/laptop computing technology among U.S.
Midwestern secondary school students, after accounting for the following constructs (e.g.,
performance expectancy, effort expectancy, social influence, and facilitating conditions)?
Research Model 4. Unlike RM3, only SI among the core constructs of the UTAUT model
significantly predicted BI (β = .358) to use one-to-one computing technology for the U.S.
Midwestern secondary school students in RM4. ATUT positively predicted BI (β = .456). Hence,
a secondary school student with higher ATUT would more likely present higher BI to use the
computing technology. SE also significantly predicted both ATUT and ANX (β = .918; β =
-.234, respectively), while SE had no significant effect on UB. Like the other structural models,
UB was significantly predicted by BI (β = .800).

Effects of Factors on Computing Technology Acceptance and Use

The current study primarily aimed to explore the effects of core constructs in the
proposed structural models (e.g., RM 1 to 4) that predicted the U.S. Midwestern secondary
school students’ behavioral intention to use one-to-one Chromebook/laptop computing
technology. Using the two-step structural equation modeling (SEM), the results of hypothesis
testing in the four research models presented that to the different extent the underlying constructs
were associated with their behavioral intention to use one-to-one computing technology.
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Performance Expectancy (PE)

The original UTAUT model (Venkatesh et al., 2003) hypothesized that performance
expectancy (PE) would have a significant impact on behavioral intention (BI), and that gender
and age would moderate the relationship between PE and BI. In this study, gender and grade
were hypothesized as moderating factors in RM2. The hypothesis that RM1, RM2, and RM3
supported the significant effect of PE on BI, which was consistent with the previous studies
(Kijsanayotin et al., 2009; Venkatesh et al., 2003). The measured item PE9 had the highest mean
value, 5.53, which represents that, yet the secondary school students considered using one-to-one
computing technology very useful in their learning activities. Hence, PE was considered as a
powerful construct to predict secondary school students’ behavioral intention to use one-to-one
computing technology. While, RM2 did not support the hypothesis that the relationship between
PE and BI was moderated by gender and grade, which was inconsistent with the findings of the
cross-validation of the UTAUT model (Venkatesh et al., 2003).

Effort Expectancy (EE)

Like the UTAUT model (Venkatesh et al., 2003), effort expectancy (EE) was
hypothesized to have a significantly positive impact on BI in all the proposed structural models.
In the RM2, it was hypothesized that gender and grade had moderating impacts on the
relationship between EE and BI. The results did not support that EE significantly would predict
BI in any of the proposed structural models. Thus, the current study did not support any
hypotheses related to the effects of EE and the moderating effects of gender and grade on BI to
use one-to-one computing technology, which was inconsistent with the prior research (Birch &
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Irvine, 2009; Kijsanayotin et al., 2009; Venkatesh et al., 2003). Given that, it was possible that
the potential effects of EE on BI would be captured by other significant underlying constructs.

Social Influence (SI)

Venkatesh et al. (2003) hypothesized in the original UTAUT model that social influence
(SI) would have a significant effect on BI to use technology. The current study hypothesized that
SI would significantly predict BI to use one-to-one computing technology among the U.S.
Midwestern secondary school students in the proposed structural models. As a result, the
hypothesis was supported in all of the proposed models, which was consistent with the previous
research (Kijsanayotin et al., 2009; Venkatesh et al., 2003). In other words, the higher the SI
secondary school students received, the greater the BI they presented to using the one-to-one
computing technology. Thus, students would recognize that their teachers, school and school
district were supportive of using one-to-one computing technology in learning activities.

Facilitating Conditions (FC)

It was hypothesized that facilitating conditions (FC) would have a significant influence
on use behavior (UB) of information systems/technology in the original UTAUT model
(Venkatesh et al., 2003). Although FC would be less discriminable to establish construct validity,
it was included as a core construct in the proposed models. However, this study found that the
hypothesis that FC would significantly predict UB of one-to-one computing technology in the
structural models was not supported in any structural models. Therefore, it would be possible to
assume that FC would have too high correlations with PE, SE, ATUT, and BI to predict UB of
one-to-one computing technology among the U.S. Midwestern secondary school students.
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Computer Self-Efficacy (SE)
As one of the main constructs in social cognitive theory (SCT), Compeau et al.’s (1999)
research tested the hypotheses that computer self-efficacy (SE) would be significantly associated
with affect, anxiety, outcome expectations (performance), outcome expectations (personal), and
usage. Venkatesh et al. (2003) found that the UTAUT model did not support the hypothesis that
SE would predict BI. This study found that SE significantly predicted PE and EE in RM3 and
ATUT and ANX in RM4, which was consistent with Compeau et al.’s (1999) findings.
Additionally, computer anxiety had a negatively significant impact on SE among East European
university students (Durndell & Haag, 2002). However, ANX was determined negatively by SE
in RM4. In conclusions, the secondary school student with higher SE tended to express higher
PE, significantly predicting BI to use one-to-one computing technology in the classroom. On the
other hand, SE had a positive impact on ATUT that significantly influenced their BI to use the
computing technology. Also, there appeared to be significantly indirect effects of SE via PE on
BI in RM3 and via ATUT on BI in RM4.

Computer Anxiety (ANX)

According to Compeau et al. (1999), computer anxiety (ANX) was considered to be a
negative affective response in social cognitive theory. The hypothesis that ANX would have a
negative effect on using computers was supported. However, Venkatesh et al. (2003) found that
ANX had no significant effect on BI, which would have been captured by effort expectancy. In
this study, the hypothesis that ANX would have a significant negative impact on BI in RM3 and
RM4 was proposed. The results presented that ANX had no significant impact on BI to use one-
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to-one computing technology among the U.S. Midwestern secondary school students in both the
proposed models. Hence, the hypotheses regarding the effect of ANX were inconsistent with the
previous research (Compeau et al., 1999; Venkatesh et al., 2003).

Attitude Toward Using Technology (ATUT)
Durnell and Haag (2002) found that East European university students’ attitudes toward
using the Internet were significantly affected by computer anxiety, while their attitudes had nonsignificant impact on using the Internet. In addition, Venkatesh et al. (2003) presented that
attitude toward using technology (ATUT) had non-significant impact on BI to use technology,
which was offset by the effects of performance expectancy and effort expectancy. In this study,
ATUT was hypothesized to predict PE and EE in RM3 and BI to use one-to-one computing
technology among the U.S. Midwestern secondary school students. The results supported that
ATUT significantly predicts PE in RM3 and BI in RM4. Therefore, this study confirmed that if
the secondary school students showed more positive attitudes toward using one-to-one
computing technology, they tended to express greater PE and BI to use the computing
technology. Moreover, their ATUT had an indirect effect on BI via PE in RM3.

Behavioral Intention (BI)

In this study, there were only three measured items to assess behavioral intention (BI) to
use one-to-one computing technology for the U.S. Midwestern secondary school students, which
could serve as a limitation to appropriately assessing their BI. In addition, BI did not contribute
well to construct validity. In the proposed structural models, BI was a significant construct to
predict use behaviors (UB) of the one-to-one computing technology for the U.S. Midwestern
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secondary school students. The higher the BI the participants had, the more frequently they used
computing technology. The amount of variance in BI explained by core constructs in the
structural models varied from 74.0 % to 77.6 %. The original UTAUT model developed by
Venkatesh et al. (2003) explained 70 % of the variance in BI to use IT in business or corporate
environments. Hence, this study found a similar amount of variance-accounted-for in BI to use
one-to-one computing technology by the U.S. Midwestern secondary school students, with
regard to the population of the business environments (Venkatesh et al., 2003).

Use Behavior of One-to-One Computing Technology (UB)

In the original UTAUT model, there were no measured items to assess use behavior of
information technology in business organizations (Venkatesh et al., 2003). The current study
examined the frequencies of one-to-one Chromebook/laptop computing technology by the U.S.
Midwestern secondary school students. The participants were least likely to endorse the item: “I
frequently use a Chromebook/laptop for communication, such as email, chatting, and text
messages.” and most likely to endorse the item: “I frequently use a Chromebook/laptop for
Google applications such as Google Classroom, Drive, Docs, Gmail, and other Google apps”.
This could be due to their mandatory circumstances to use online applications for learning
activities. This study showed that the variances in use behavior (UB) of one-to-one computing
technology ranged from 75.6 % to 76.4 % in the proposed structural model, which was greater
than the reported 48 % variance-accounted-for in UB by the UTAUT model (Venkatesh et al.,
2003). BI was the only significant construct to predict UB in all the proposed structural models
in this study, while none of SE and FC had significant influences on UB. Thus, if the secondary
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school students showed higher BI, they tended to use the one-to-one computing technology more
frequently in the classroom.

Implications

These findings from the current study could be impactful for new one-to-one computing
technology acceptance and use in K-12 settings. First, it could be possible that the proposed
research models may provide new theoretical perspectives for the adoption of mobile technology
or the implementation of one-to-one computing technology initiatives in schools. The UTAUT
model was formulated based on the previously dominant technology acceptance theories and
models (e.g., TRA, TPB, TAM, IDT, MM, MPCU, SCT) and has successfully been applied to a
wide range of contexts, especially ICT in business and workforce training environments and
mobile technology integration or learning management systems in higher education.
Interestingly, this study found that performance expectancy and social influence in the UTAUT
model appeared to be important factors in predicting secondary school students’ behavioral
intention to use one-to-one computing technology. This study argued that they had a strong
belief about the usefulness of using one-to-one computing technology in learning, which is
linked to their strong intentions to use the technology. However, their knowledge and skills in
using the computing technology were considered less important and influential for their
behavioral intention. It could be due to their prior experiences regarding using technology at
home or school. On the other hand, social influence from external factors such as their teachers,
school leaders, and school districts was powerful to their behavioral intention for the use of oneto-one computing technology. In a mandatory technology usage environment of schools, school
leaders and teachers may suggest students actively use technology to facilitate the high quality of
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learning. Thus, this study argued that performance expectancy and social influence served as key
determinants in the UTATU model as understanding one-to-one computing technology adoption
among secondary school students.
Second, along with the first implication regarding theoretical technology acceptance
frameworks, additional personal factors from SCT (i.e., computer self-efficacy and attitude
toward using technology) were key factors affecting secondary school students’ performance
expectancy and behavioral intentions to use one-to-one computing technology. Indeed, selfefficacy and attitude were not considered direct significant determinants of behavioral intention
in the UTAUT model (Venkatesh et al., 2003). Specifically, computer self-efficacy was unique
to RM3 and RM4 because this factor did not directly predict their actual use of the computing
technology, but it had a strong impact on their attitude and performance expectancy. Selfefficacy refers to the belief that an individual has the capability to perform a specific behavior
(Compeau & Higgins, 1991; 1995a; 1995b). This study found that as hypothesized, their
computer self-efficacy affected not only having strongly positive attitudes toward the computing
technology but also keeping using the technology useful for their learning experience. In
addition, their positive attitude toward using one-to-one computing technology was related to
performance expectancy and behavioral intention. In some theoretical models (e.g., TRA, TPB,
MM), attitude was a strong predictor of behavioral intention and in SCT, it was significantly
related to performance and effort expectancies (Venkatesh et al., 2003).
Lastly, if a decision-making process is needed for new technology adoption, the results
and findings from the proposed research models would be useful for primary decision makers
such as school and school district leaders, school technology support staff, teachers, parents, and
students. In the current study, the proposed research models depicted a set of factors predicting
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secondary school students’ behavioral intention and actual use of one-to-one computing
technology. School and school district leaders will benefit from this study because the findings
about the importance of significant factors will provide useful suggestions for effective one-toone technology integration and implementation in schools. Prior to that, it was already found that
Chromebook computers are affordable learning tools to equip in K-12 schools regarding its
available prices in the IT market. Because students have strong beliefs that one-to-one computing
technology is useful for their learning experiences, the acceptance and use of the innovative
technology will support enhancement of students’ computer self-efficacy and improve attitudes
toward using the technology by providing more opportunities to discover effective learning
applications in the technology. In addition, because social influence from schools and teachers is
a significant predictor of intention to use the computing technology, teachers will be required to
have knowledge and skills to effectively integrate the technology into teaching and learning.
Professional development training regarding using one-to-one computing technology could be
essential to facilitate the improvement of teaching practices and learning experiences. Thus,
teachers will be able to provide more technology enhanced learning environments and
personalized learning experiences.

Limitations of the Study and Recommendations for Future Research

It is imperative to discuss the limitations of the current study and possible
recommendations for future research prior to drawing conclusions. Obviously, the current study
included the following limitations that could be possibly resolved in future research.
First, results, findings, and implication of this study were drawn from a single secondary
school. Also, this study was geographically limited to a U.S. Midwestern region and a
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metropolitan locale. The data obtained from the participants enrolled in the secondary school
appeared to be limited by their reluctance to honestly self-report survey completion. This could
result in less reliable and inaccurate responses to the survey items when they recalled. Their
perceptions, and responses regarding the research questions in this study would change over time
or via other external influences because of the nature of a cross-sectional study. Hence, the
findings could not be generalizable to other secondary schools in the United States and other
countries, pertaining to similar one-to-one computing technology acceptance. The significant
effects of predictive determinants in the proposed research models may not be identical in other
one-to-one computing technology acceptance research contexts. To achieve enhanced
generalizability and more rigorously identify significance, future research should include a large
sample size based on their research complexity and use random sampling from secondary
schools located across the U.S.
Second, the chi-square (χ2) statistics were highly dependent on sample sizes (Kline,
2016). The larger sample size used in structural equation modeling (SEM), the more likely a
smaller discrepancy between the estimated and observed covariance matrices would exist, if the
χ2 statistic was significant. The χ2 statistics were significant in all of the proposed structural
models in this study. Although there was no set criterion for ultimately appropriate sample sizes
for the proposed models, Hair et al. (2010) recommended approximately 300 samples for a
model with seven or fewer constructs, lower communalities (that is-the percentages of variations
in the measured variables explained by a specific construct), and multiple unidentified
constructs. Therefore, future research should consider including a larger sample size based upon
the number of constructs used in their proposed research models.
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Parallel to the first limitation, all the participants in this study had various experiences in
using one-to-one computing technology both during school and after school. According to the
results of the survey items about the computing technology usage, the participants revealed that
they had many different time periods in using the computing technology throughout K-12
settings and spent a wide range of hours in using mobile technologies after school such as mobile
devices and laptop computers. Given a variety of one-to-one computing technology experiences,
they would have presented the different levels of performance expectancy (e.g., usefulness of the
computing technology) and effort expectancy (e.g., easiness of the computing technology),
eventually affecting their behavioral intention to use one-to-one computing technology. Hence, it
was hard to assure that the participants in this study were representative U.S. Midwestern
secondary school students, which could potentially weaken the generalizability of the findings
from the study. On the other hand, a convenience sampling would limit the generalizability of
the findings from the proposed research models. To sum up, because the original UTAUT model
includes several moderating influences (e.g., voluntariness, gender, age, and experience), future
research should consider using simplified categorical measure items to measure and represent
more accurately prior technology experiences from randomly selected samples. Furthermore,
future research also should consider using the authentic survey questionnaire developed by
Venkatesh et al. (2003) to accurately examine students’ acceptance and use of computing
technology in K-12 schools.
Another potential limitation could be due to the mandatory context settings of one-to-one
computing technology and the cross-sectional survey design research. In general, one-to-one
technology initiative movements in K-12 settings was designed and led by schools and districts
in the U.S. since the mid-1990s (Penuel, 2006). The current study found that in most proposed
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structural models, social influence (e.g., awareness of importance of using IT by important
people) was significantly associated with behavioral intention to use one-to-one computing
technology for the secondary school students, which was aligned with the effects of social
influences in the mandatory contexts from the previous studies (Venkatesh & Davis, 2000;
Venkatesh et al., 2003). The findings from this study confirmed that social influence tended to be
more influential in behavioral intention in mandatory settings than in voluntary settings. The
survey for this study was conducted at the specific time point that the participants used the oneto-one computing technology for a period of time. Venkatesh et al. (2003) indicated that the
effects of the core constructs in the UTAUT model and relationships between the constructs
could vary over time. In other words, the results of the survey would likely be less reflective of
all secondary school students using the one-to-one computing technology in the U.S. Midwestern
regions. Thus, future studies should explore the influences of the core constructs in the UTAUT
model at the consecutive time points to develop and validate a proposed model.
Lastly, the inclusion of facilitating conditions (FC) and several poorly performing FC
items with factor loadings less than .70 caused another critical limitation in this study. In the
two-step SEM for this study, confirmatory factor analysis (CFA) was essential to establish
construct validity as measurement validity. Throughout building construct validity, several
measured items of latent variables showed low factor loadings, which caused critically negative
influences on achieving construct validity. In addition, FC rarely was discriminable with other
core constructs used in this study. However, to assess the UTAUT model, FC was determined to
include in SEM. There were two main demographic variables, gender and grade, which served as
moderating factors in RM2. Empirically, SE presented that there were non-significant
moderating effects of gender and grade on the relationships between PE and BI. Thus, these
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findings suggested that future research should attempt to find and validate alternative models
with best fit to provide better understandings of how new one-to-one computing technology in
mandatory K-12 settings could be adopted and used. In other words, future research will be
required to seek more parsimoniously for empirical evidence of the reliability and validity of the
measures used in the current study.

Conclusions

The current study focused on the application of the unified theory of acceptance and use
of technology (UTAUT) model to understand how the U.S. Midwestern secondary school
students accepted and used one-to-one Chromebook/laptop computing technology in school.
Furthermore, this study extended the UTAUT model by adding critical determinants, computer
self-efficacy, computer anxiety, and attitude toward using technology, from social cognitive
theory to provide significant insights in understanding secondary school students’ perceptions on
one-to-one computing technology adoption.
The results from the two-step structural equation modeling approaches presented that the
proposed structural models identified the core predicting constructs to behavioral intention to use
one-to-one computing technology among the U.S. Midwestern secondary school students. The
findings of this study offered important implications for school leaders, staff, teachers, and
students in terms of innovative technology acceptance and usage in K-12 settings. Especially,
since one-to-one computing technology integration into teaching and learning was significantly
linked to learning performance, technology acceptance models could play substantial roles in the
decision-making process of new computing technology adoption. It should be vital for education
policy and decision makers to learn how students accept and use new innovative technology in
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K-12 schools. This current study suggested that future research needs to explore additional
technology acceptance models including contextual aspects and theoretical viewpoints and
provide substantial links between individual technology adoption and better learning
experiences.
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Table A
Prior Models of User Acceptance (Venkatesh et al., 2003)
Theory and Description

Constructs

Definitions

Theory of Reasoned Action (TRA)
Drawn from social psychology, TRA is one
of the most fundamental and influential
theories of human behavior. It has been used
to predict a wide range of behaviors. Davis et
al. (1989) applied TRA to individual
acceptance of technology and found that the
variance explained was largely consistent
with studies that had employed TRA in the
context of other behaviors.

Attitude
Toward
Behavior

“an individual’s positive or negative feelings
(evaluative affect) about performing the
target behavior” (Fishbein & Ajzen, 1975, p.
216).

Subjective
Norm

“the person’s perception that most people
who are important to him think he should or
should not perform the behavior in question”
(Fishbein & Ajzen, 1975, p. 302).

Technology Acceptance Model (TAM)
TAM is tailored to IS contexts, and was
designed to predict information technology
acceptance and usage on the job. Unlike
TRA, the final conceptualization of TAM
excludes the attitude construct in order to
better explain intention parsimoniously.
TAM2 extended TAM by including
subjective norm as an additional predictor of
intention in the case of mandatory settings
(Venkatesh & Davis, 2000). TAM has been
widely applied to a diverse set of technologies
and users.

Perceived
Usefulness

“the degree to which a person believe that
using a particular system would enhance his
or her job performance” (Davis, 1989, p.
320).

Perceived Ease
of Use

“the degree to which a person believes that
using a particular system would be free of
effort” (Davis, 1989, p. 320).

Subjective
Norm

Adapted from TRA/TPB. Included in TAM2
only.

Motivational Model (MM)
A significant body of research in psychology
has supported general motivation theory as an
explanation for behavior. Several studies have
examined motivational theory and adapted it
for specific contexts. Vallerand (1997)
presents an excellent review of the
fundamental tenets of this theoretical base.
Within the information systems domain,
Davis et al. (1992) applied motivational
theory to understand new technology
adoption and use (see also Venkatesh and
Speier, 1999).

Extrinsic
Motivation

The perception that users will want to
perform an activity “because it is perceived to
be instrumental in achieving valued outcomes
that are distinct from the activity itself, such
as improved job performance, pay, or
promotions” (Davis et al., 1992, p. 1112).
The perception that users will want to
perform an activity “for no apparent
reinforcement other than the process of
performing the activity per se” (Davis et al.,
1992, p. 1112).

Intrinsic
Motivation
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Theory of Planned Behavior (TPB)
TPB extended TRA by adding the construct
of perceived behavioral control. In TPB,
perceived behavioral control is theorized to
be an additional determinant of intention and
behavior. Ajzen (1991) presented a review of
several studies that successfully used TPB to
predict intention and behavior in a wide
variety of settings. TPB has been successfully
applied to the understanding of individual
acceptance and usage of many different
technologies (Harrison et al., 1997;
Mathieson, 1991; Taylor & Todd, 1995b). A
related model is the Decomposed Theory of
Planned Behavior (DTPB). In terms of
predicting intention, DTPB is identical to
TPB. In contrast to TPB but similar to TAM,
DTPB “decomposes” attitude, subjective
norm, and perceived behavioral control into
it’s the underlying belief structure within
technology adoption contexts.

Attitude
Toward
Behavior

Adapted from TRA.

Subjective
Norm

Adapted from TRA.

Perceived
Behavioral
Control

“the perceived ease or difficulty of
performing the behavior” (Ajzen, 1991, p.
188). In the context of IS research,
“perceptions of internal and external
constraints on behavior” (Talyor & Todd,
1995, p. 149).

Combined TAM and TPB (C-TAM-TPB)
This model combines the predictors of TPB
with perceived usefulness from TAM to
provide a hybrid model (Taylor and Todd,
1995).

Attitude
Toward
Behavior
Subjective
Norm
Perceived
Behavioral
Control
Perceived
Usefulness
Job-fit

Adapted from TRA/TPB.

Model of PC Utilization (MPCU)
Derived largely from Triandis’ (1977) theory
of human behavior, this model presents a
competing perspective to that proposed by
TRA and TPB. Thompson et al. (1991)
adapted and refined Triandis’ model for IS
contexts and used the model to predict PC
utilization. However, the nature of the model
makes it particularly suited to predict
individual acceptance and use of a range of
information technologies. Thompson et al.
(1991) sought to predict usage behavior rather
than intention; however, in keeping with the

Complexity

Long-term
Consequences
Affect Toward
Use

Adapted from TRA/TPB.
Adapted from TRA/TPB.

Adapted from TAM.
“the extent to which an individual believes
that using a technology can enhance the
performance of his or her job” (Thompson et
al., 1991, p. 129).
Based on Rogers and Shoemaker (1971), “the
degree to which an innovation is perceived as
relatively difficult to understand and use”
(Thompson et al., 1991, p. 128).
“Outcomes that have a pay-off in the future”
(Thompson et al., 1991, p. 129).
Based on Triandis, affect toward use is
“feelings of joy, elation, or pleasure, or
depression, disgust, displeasure, or hate
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theory’s roots, the current research will
examine the effect of these determinants on
intention. Also, such as examination is
important to ensure a fair comparison of the
different models.

Social Factors

Facilitating
Conditions

Innovation Diffusion Theory (IDT)
Grounded in sociology, IDT (Rogers, 1995)
has been used since the 1960s to study a
variety of innovations, ranging from
agricultural tools to organizational innovation
(Tornatzky & Klein, 1982). Within
information systems, Moore and Benbasat
(1991) adapted the characteristics of
innovations presented in Rogers and refined a
set of constructs that could be used to study
individual technology acceptance. Moore and
Benbasat (1996) found support for the
predictive validity of these innovation
characteristics.

Relative
Advantage
Ease of Use

Image

Visibility

Compatibility

Results
Demonstrability

Voluntariness
of Use
Social Cognitive Theory (SCT)
One of the most powerful theories of human
behavior is social cognitive theory (Bandura,
1986). Compeau and Higgins (1995b) applied

Outcome
ExpectationsPerformance

associated by an individual with a particular
act” (Thompson et al., 1991, p. 126).
Derived from Triandis, social factors are “the
individual’s internalization of the reference
group’s subjective culture, and specific
interpersonal agreements that the individual
has made with others, in specific social
situations” (Thompson et al., 1991, p. 126).
Objective factors in the environment that
observers agree make an act easy to
accomplish. For example, returning items
purchased online is facilitated when no fee is
charged to return the item. In an IS context,
“provision of support for users of PCs may be
one type of facilitating condition that can
influence system utilization” (Thompson et
al., 1991, p. 129).
“the degree to which an innovation is
perceived as being better than its precursor”
(Moore & Benbasat, 1991, p. 195).
“the degree to which an innovation is
perceived as being difficult to use” (Moore &
Benbasat, 1991, p. 195).
“the degree to which use of an innovation is
perceived to enhance one’s image or status in
one’s social system” (Moore & Benbasat,
1991, p. 195).
The degree to which one can see others using
the system in the organization (adapted from
Moore and Benbasat, 1991).
“the degree to which an innovation is
perceived as being consistent with the
existing values, needs, and past experiences
of potential adopters” (Moore & Benbasat,
1991, p. 195).
“the tangibility of the results of using the
innovation, including their observability and
communication” (Moore & Benbasat, 1991,
p. 203).
“the degree to which use of the innovation is
perceived as being voluntary, or of free will”
(Moore & Benbasat, 1991, p. 195).
The performance-related consequences of the
behavior. Specifically, performance
expectations deal with job-related outcomes
(Compeau and Higgins, 1995b).
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and extended SCT to the context of computer
utilization (Compeau et al., 1999); while
Compeau and Higgins (1995a) also employed
SCT, it was to study performance and thus is
outside the goal of the current research.
Compeau and Higgins’ (1995b) model
studied computer use but the nature of the
model and the underlying theory allow it to
be extended to acceptance and use of
information technology in general. The
original model of Compeau and Higgins
(1995b) used usage as a dependent variable
but in keeping with the spirit of predicting
individual acceptance, we will examine the
predictive validity of the model in the context
of intention and usage to allow a fair
comparison of the models.

Outcome
ExpectationsPersonal

Self-efficacy

Affect
Anxiety

The personal consequences of the behavior.
Specifically, personal expectations deal with
the individual esteem and sense of
accomplishment (Compeau and Higgins,
1995b).
Judgment of one’s ability to use a technology
(e.g., computer) to accomplish a particular
job or task.
An individual’s liking for a particular
behavior (e.g., computer use).
Evoking anxious or emotional reactions when
it comes to performing a behavior (e.g., using
a computer).
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Table B
Root Constructions for the Core Constructs of the UTAUT Model (Venkatesh et al., 2003)
Construct

Root Constructs

Performance Expectancy

Perceived usefulness (Davis et al., 1989)
Extrinsic motivation (Davis et al., 1989)
Job-fit (Thompson et al., 1991)
Relative advantage (Moore & Benbasat, 1991)
Outcome expectations (Compeau et al., 1999)
Perceived ease of use (Davis et al., 1989)
Complexity (Thompson et al., 1991)
Ease of use (Moore & Benbasat, 1991)
Subjective norm (Ajzen, 1991; Taylor & Todd, 1995)
Social factors (Thompson et al., 1991)
Image (Moore & Benbasat, 1991)
Perceived behavioral control (Ajzen, 1991; Taylor & Todd, 1995)
Facilitating conditions (Thompson et al., 1991)
Compatibility (Moore & Benbasat, 1991)
Attitude toward behavior (Davis et al., 1989)
Intrinsic motivation (Davis et al., 1992)
Affect toward use (Thompson et al., 1991)
Affect (Compeau & Higgins, 1995; Compeau et al., 1999)

Effort Expectancy

Social Influence

Facilitating conditions

Attitude Toward Using Technology
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APPENDIX C
COMPARISONS OF EIGHT USER ACCEPTANCE MODELS
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Table C-1
Predicting Intention in Voluntary Settings (Venkatesh et al., 2003)
Time 1 (N=119)
Models
TRA

2

Independent Variables

R

Attitude toward using technology

.30

Subjective norm
TAM/
TAM2

Perceived usefulness

.38

Perceived ease of use
Extrinsic motivation

.37

Intrinsic motivation
TPB/
DTPB

Attitude toward using technology

.37

Subjective norm
Perceived usefulness

.39

.26

.55***

R2

Beta

.51***

.19

.43***

.07
.36

.60***

.08
.37

.61***

.22**

.03

.05

.02

.06

.06

.50***

.36

.52***

.47***

.37

.22**
.25

.50***

.49***
.24***

.21

.44***

.05

.04

.05

.24***

.03

.02

.56***

.36

.60***

.39

.63***

.03

.05

Subjective norm

.06

.04

.03

.25***

.02

.03

Job-fit

.37

.54***

.36

.60***

.38

.62***

.23***

.04

.04

Long-term consequences

.06

.04

.07

Affect toward use

.05

.05

.04

Social factors

.04

.07

.06

Facilitating conditions

.05

.06

.04

Relative advantage

.38

Ease of use

SCT

.55***

Beta

.04

Complexity (reversed)

IDT

R

Time 3 (N=119)

Attitude toward using technology
Perceived behavioral control

MPCU

Beta

.22**

Perceived behavioral control
C-TAMTPB

2

.06

Subjective norm
MM

Time 2 (N=119)

.54***

.37

.61***

.39

.63***

.26**

.02

.07

Result demonstrability

.03

.04

.06

Trialability

.04

.09

.08

Visibility

.06

.03

.06

Image

.06

.05

.07

Compatibility

.05

.02

.04

Voluntariness

.03

.04

.03

Outcome expectations
Self-efficacy
Affect

.37

.47***

.36

.60***

.36

.60***

.20***

.03

.01

.05

.03

.04

Anxiety
-.17*
.04
.06
Notes. 1. *p < .05, **p < .01, ***p < .001; 2. When the data were analyzed separately for studies 2a and 2b, the
pattern of results was very similar.
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Table C-2
Predicting Intention in Mandatory Settings (Venkatesh et al., 2003)
Time 1 (N=119)
Models
TRA

2

Independent Variables

R

Attitude toward using technology

.26

Subjective norm
TAM/
TAM2

MM

Perceived usefulness

.39

MPCU

IDT

SCT

Beta

R

.27***

.26

.42***

Time 3 (N=119)

Beta

R2

Beta

.28***

.17

.40***

.21**
.41

.50***

.05
.36

.60***

Perceived ease of use

.21*

.23**

.03

Subjective norm

.20*

.03

.04

Extrinsic motivation

.38

Attitude toward using technology

.34

Subjective norm
Perceived usefulness

.47***

.40

.21**

Perceived behavioral control
C-TAMTPB

2

.20**

Intrinsic motivation
TPB/
DTPB

Time 2 (N=119)

.36

.22*

.49***

.35

.24**
.28

.36***

.44***
.19**

.18

.43***

.25***

.26**

.05

.19*

.03

.08

.42***

.35

.51***

.35

.60***

Attitude toward using technology

.07

.08

.04

Subjective norm

.20*

.23**

.03

Perceived behavioral control

.19*

.11

.09

Job-fit

.37

.42***

.40

.50***

.37

.61***

Complexity (reversed)

.20*

.02

.04

Long-term consequences

.07

.07

.07

Affect toward use

.01

.05

.04

Social factors

.18*

.23**

.02

Facilitating conditions

.05

.07

.07

Relative advantage

.38

.47***

.42

.52***

.37

.61***

Ease of use

.20*

.04

.04

Result demonstrability

.03

.07

.04

Trialability

.05

.04

.04

Visibility

.04

.04

.01

Image

.18*

.27**

.05

Compatibility

.06

.02

.04

Voluntariness

.02

.06

.03

Outcome expectations
Self-efficacy
Affect

.38

.46***

.39

.44***

.36

.60***

.19**

.21***

.03

.06

.04

.05

Anxiety
-.18*
-.16*
.02
Notes. 1. *p < .05, **p < .01, ***p < .001; 2. When the data were analyzed separately for studies 2a and 2b, the
pattern of results was very similar.
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APPENDIX D
NORTHERN ILLINOIS UNIVERSITY INSTITUTIONAL REVIEW BOARD APPROVAL:
PROTOCOL # HS16-0303

155

156

APPENDIX E
DEMOGRAPHIC INFORMATION OF RESEARCH SITE
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Figure E-1: General Information of Enrolled Students.
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Figure E-2: Ethnicity Compositions.

159

APPENDIX F
SURVEY QUESTIONNAIRE OF THE CURRENT STUDY
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Survey Questionnaire of the Current Study
Q1 Informed Consent Form I agree to participate in the research project titled, "Understand Secondary School
Students' Acceptance of One-to-One Laptop Computers: The Application of the United Theory of Acceptance
and Use of Technology Model" being conducted by Heoncheol Yun, a graduate student at Northern Illinois
University. I have been informed that the purpose of the study is to examine secondary school students'
perceptions on acceptance and use of a one-to-one laptop computer initiative as predicted by the Unified Theory
of Acceptance and Use of Technology (UTAUT) model. I understand that if I agree to participate in this study, I
will be asked to do the following: Complete a survey consisting of items that pertain to his/her perceptions about
adoption of a one-to-one laptop initiative in learning. It will take approximately 15-20 minutes to finish the
survey. I am aware that my participation is voluntary and may be withdrawn at any time without penalty or
prejudice, and that if I have any additional questions concerning this study, I may contact Heoncheol Yun at 779777-3034 and hyun2@niu.edu. I understand that if I with further information regarding my rights as a research
subject, I may contact the Office of Research Compliance at Northern Illinois University at (815) 753-8588. I
understand that the intended benefits of this study include an increase in knowledge pertaining to what factors
contribute to adoption and use of a one-to-one Chromebook/laptop initiative in learning. I have been informed
that there are no potential risks and/or discomforts I could experience. I understand that all information gathered
during this experiment will be kept confidential. I realize that Northern Illinois University policy does not provide
compensation for, nor does the University carry insurance to cover injury or illness incurred as a result of
participation in University sponsored research projects. I understand that my consent to participate in this project
does not constitute a waiver of any legal rights or redress I might have as a result of my participation, and I
acknowledge that I have received a copy of this consent form. I understand that, by clicking "I agree", I am
providing my informed consent to participate in this study.

Q2 Thank you for agreeing to participate in this study. Please respond to each of the queries that follow. This survey
will approximately require no more than 20 minutes.
Q3 I am currently...
 a 6th grade student (1)
 a 7th grade student (2)
 an 8th grade student (3)
 a freshman (4)
 a sophomore (5)
 a junior (6)
 a senior (7)
Q4 My gender is...
 Male (1)
 Female (2)
 Prefer not to say (3)

Q5 In a typical week, how many hours do you use Chromebooks, laptops, desktop computers, or tablet PCs for
school work after school?
 1/2 hour or less (1)
 more than 1/2 hour but less than 1 hour (2)
 more than 1 hour but less than 2 hours (3)
 more than 2 hours but less than 3 hours (4)
 more than 3 hours but less than 4 hours (5)
 more than 4 hours but less than 5 hours (6)
 more than 5 hours (7)
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Q6 Approximately, how long have you been using Chromebooks or laptop computers at school for learning?
 less than 2 months (1)
 more than 2 months but less than 4 months (2)
 more than 4 months but less than 6 months (3)
 more than 6 months but less than 1 year (4)
 more than 1 year but less than 2 years (5)
 more than 2 years but less than 3 years (6)
 more than 3 years (7)

Q7 Please select the best option to each question relating to performance expectancy.
Strongly
disagree
(1)
Using a
Chromebook/laptop
in my classes would
enable me to
accomplish given
tasks more quickly.
(1)
Using a
Chromebook/laptop
in my classes would
improve my
performance. (2)
I would spend less
time in completing
given tasks if using
a
Chromebook/laptop
in my classes (3)
Using a
Chromebook/laptop
would make it easier
to do my
homework. (4)
Using a
Chromebook/laptop
would increase my
chances of obtaining
good grades in my
classes. (5)
Using a
Chromebook/laptop
would make me
treat other
classmates as
collaborators. (6)
Using a
Chromebook/laptop
in my classes would

Disagree
(2)

Somewhat
disagree
(3)

Neither
agree nor
disagree
(4)

Somewhat
agree (5)

Agree (6)

Strongly
agree (7)
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increase my
productivity. (7)
Using a
Chromebook/laptop
in my classes would
improve my
effectiveness in
completing tasks.
(8)
I would find use of a
Chromebook/laptop
useful in my classes.
(9)

Q8 Please select the best option to each question relating to effort expectancy.
Strongly
disagree
(1)
Learning to use a
Chromebook/laptop
is easy for me. (1)
I find it easy to get a
Chromebook/laptop
to do what I want it
to do. (2)
My interaction with
a
Chromebook/laptop
is clear and
understandable. (3)
I find a
Chromebook/laptop
to be flexible to
interact with. (4)
It is easy for me to
become skillful at
using a
Chromebook/laptop
in my classes. (5)
I find a
Chromebook/laptop
easy to use in my
classes. (6)
Working with a
Chromebook/laptop
is complicated and it
is difficult to
understand what is
going on. (7)

Disagree
(2)

Somewhat
disagree
(3)

Neither
agree nor
disagree
(4)

Somewhat
agree (5)

Agree (6)

Strongly
agree (7)
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It takes too long to
learn how to use a
Chromebook/laptop
to make it worth the
effort. (8)

Q9 Please select the best option to each question relating to social influence.
Strongly
disagree
(1)

Disagree
(2)

Somewhat
disagree
(3)

Neither
agree nor
disagree
(4)

Somewhat
agree (5)

Agree
(6)

Strongly
agree (7)

People who influence
my behavior think
that I should use a
Chromebook/laptop.
(1)
People who are
important to me think
that I should use a
Chromebook/laptop.
(2)
Teachers in this
school have been
helpful in the use of
Chromebooks/laptops.
(3)
My classroom teacher
is very supportive of
the use of
Chromebooks/laptops
for my class. (4)
In general, the school
and school district
have supported the
use of
Chromebooks/laptops.
(5)
Having a
Chromebook/laptop is
a status symbol in my
school. (6)

Q10 Please select the best option to each question relating to facilitating conditions.
Strongly
disagree
(1)
I have the resources
necessary to use a

Disagree
(2)

Somewhat
disagree
(3)

Neither
agree nor
disagree
(4)

Somewhat
agree (5)

Agree (6)

Strongly
agree (7)
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Chromebook/laptop.
(1)
I have the
knowledge
necessary to use a
Chromebook/laptop.
(2)
The
Chromebook/laptop
is not compatible
with other computer
systems I use. (3)
The technology
support personnel
(help desk) is
available for
assistance with
Chromebook/laptop
difficulties. (4)
Using a
Chromebook/laptop
fits into my learning
style. (5)

Q11 Please select the best option to each question relating to attitude toward using technology.
Strongly
disagree
(1)
Using a
Chromebook/laptop
in my classes is a
good idea. (1)
I like working with a
Chromebook/laptop
in my classes. (2)
Using a
Chromebook/laptop
in my classes is
pleasant. (3)
Chromebooks/laptops
make schoolwork
more interesting. (4)
Using
Chromebooks/laptops
is fun. (5)

Disagree
(2)

Somewhat
disagree
(3)

Neither
agree nor
disagree
(4)

Somewhat
agree (5)

Agree
(6)

Strongly
agree (7)
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Q12 Please select the best option to each question relating to self-efficacy.
Strongly
disagree
(1)

Disagree
(2)

Somewhat
disagree
(3)

Neither
agree nor
disagree
(4)

Somewhat
agree (5)

Agree (6)

Strongly
agree (7)

Somewhat
agree (5)

Agree (6)

Strongly
agree (7)

I could complete a
given task using a
Chromebook/laptop
even if there was no
one around to tell
me what to do. (1)
I could complete a
given task using a
Chromebook/laptop
if I could call
someone for help
when I got stuck. (2)
I could complete a
given task using a
Chromebook/laptop
if I had a lot of time
to complete the task
for which necessary
resources were
provided. (3)
I could complete a
given task using a
Chromebook/laptop
if I just had built-in
help facility for
assistance. (4)

Q13 Please select the best option to each question relating to anxiety.
Strongly
disagree
(1)
I feel apprehensive
about using a
Chromebook/laptop.
(1)
It scares me to think
that I could lose a
lot of information
using a
Chromebook/laptop
by hitting the wrong
button. (2)

Disagree
(2)

Somewhat
disagree
(3)

Neither
agree nor
disagree
(4)
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I hesitate using a
Chromebook/laptop
for fear of making
mistakes I cannot
correct. (3)
A
Chromebook/laptop
is somewhat
intimidating to me.
(4)

Q14 Please select the best option to each question relating to behavioral intention.
Strongly
disagree
(1)

Disagree
(2)

Somewhat
disagree
(3)

Neither
agree nor
disagree
(4)

Somewhat
agree (5)

Agree (6)

Strongly
agree (7)

I intend to continue
using a
Chromebook/laptop
to work on
classroom activities
and assignment. (1)
I plan to continue
using a
Chromebook/laptop
to do other things
not related to
school. (2)
I will continue using
a
Chromebook/laptop
after I graduate from
the school. (3)

Q15 Please select the best option to each question relating to use behavior of one-to-one technology.
Strongly
disagree
(1)
I frequently use a
Chromebook/laptop
for communication,
such as email,
chatting, and text
messages. (1)
I frequently use a
Chromebook/laptop
for classroom
activities such as

Disagree
(2)

Somewhat
disagree
(3)

Neither
agree nor
disagree
(4)

Somewhat
agree (5)

Agree (6)

Strongly
agree (7)
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assignments, group
projects, and
research. (2)
I frequently use a
Chromebook/laptop
for information
searching such as
web browsing and
online material
access. (3)
I frequently use a
Chromebook/laptop
for entertainment
such as listening to
musing and playing
games. (4)
I frequently use a
Chromebook/laptop
for Google
applications such as
Google Classroom,
Drive, Docs, Gmail,
and other Google
apps. (5)
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APPENDIX G
ONLINE CONSENT FORM OF SURVEY
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APPENDIX H
SCHOOL DISTRICT PERMISSION LETTER
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[Date]
[Recipient Address]
Dear Dr. Superintendent,
I am a doctoral candidate in the Doctorate in Instructional Technology program at College of Education in
Northern Illinois University. I am in the process of writing my doctoral dissertation under the guidance of
my dissertation committee chairs, Dr. Rebecca Butler and Dr. Ying Xie (co-chair). The title of my
dissertation is Understanding Secondary School Students’ Acceptance of One-to-one Laptop Computers:
The application of the Unified Theory of Acceptance and Use of Technology (UTAUT) Model. The
purpose of the study is to understand students’ perceptions on acceptance and use of one-to-one
laptops/Chromebooks in a secondary public school using the UTAUT model.
This study is significant to the field of educational technology because it will provide empirical evidence
on the acceptance of a one-to-one laptop/Chromebook initiative and the application of the UTAUT
model. And the findings of this study will help to make a decision to adopt new technology and improve
the technology integration in teaching and learning.
In this study, students will be asked to complete an online survey. Their participation in this study is
voluntary and they are free to withdraw their participation from this study at any time without penalty or
prejudice. The survey will take approximately 20 to 30 minutes to complete. And there are no foreseeable
risks and/or discomforts your students could potentially experience during this study. Students’ names or
other personal confidential information will NOT be asked or stored. All of the responses in the survey
will be recorded anonymously.
I am requesting your permission to collect data during the fall of 2016 for my dissertation. If you have
any questions about this study and survey, feel free to contact Heoncheol Yun at 779-777-3034 or
hyun2@niu.edu or chair, Dr. Rebecca Butler at rbutler@niu.edu and co-chair, Dr. Ying Xie at
yxie@niu.edu. Thank you for your time and consideration.
Sincerely,
Heoncheol Yun
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APPENDIX I
PARENTAL CONSENT WAIVER FORM
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PERMISSION FORM FOR PARENTS/GUARDIANS OF MINORS
Your child/ward is invited to participate in a research study titled, “Understanding secondary school students'
acceptance of one-to-one laptop computers: The application of the Unified Theory of Acceptance and Use of
Technology Model” being conducted by Heoncheol Yun, a graduate student at Northern Illinois University.
The purpose of this study is to examine secondary school students’ perceptions on acceptance and use of a one-toone laptop computer initiative as predicted by the Unified Theory of Acceptance and Use of Technology (UTAUT)
model.
Your child’s/ward’s participation in this study will last approximately 20 - 30 minutes. He or she will be asked to
complete an online survey consisting of items that pertain to his/her perceptions about adoption of a one-to-one
laptop initiative in learning.
There are no foreseeable risks and/or discomforts your child/ward could potentially experience during this study.
The benefit your child/ward may personally receive from participating in this study is an increase in knowledge
pertaining to what factors contribute to adoption and use of a one-to-one laptop initiative in learning.
Information obtained during this study may be published in scientific journals or presented at scientific meetings,
but that any information which could identify your child/ward will be kept strictly confidential.
Participation in this study is voluntary. Your decision whether or not to allow your child/ward, as well as his or her
assent to participate will not negatively affect you or your child/ward. Your child/ward will be asked to indicate
individual assent to be involved immediately prior to participation, and will be free to withdraw from participation at
any time without penalty or prejudice.
Any questions about the study should be addressed to Heoncheol Yun (Contact Information: Phone: 779-777-3024
Email: hyun2@niu.edu) and the researcher’s faculty advisors: Dr. Rebecca Butler (Contact Information: Phone:
815-753-9313 Email: rbutler@niu.edu) or Dr. Ying Xie (Contact Information: Phone: 815-753-9323 Email:
yxie@niu.edu).
If you with further information regarding your rights or your child’s/ward’s rights as a research subject, you may
contact the Office of Research Compliance at Northern Illinois University at (815) 753-8588.
If you do NOT want your child to participate in this research study, please indicate that by checking the box below,
signing your name, and returning the consent form to the school within seven days from the date you received it.
Please note that not returning the consent form by the date indicated will be regarded as granting permission for
your child’s/ward’s participation in this study.
I do NOT give my permission for my child/ward to participate in this research study.

Signature of Parent/Guardian

Date
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APPENDIX J
VENKATESH ET AL.’S (2003) SURVEY QUESTIONNAIRE
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Table J
Items Used in Estimating UTAUT
Performance Expectancy (PE)
1. I would find the system useful in my job.
2. Using the system enables me to accomplish tasks more quickly.
3. Using the system increase my productivity.
4. If I use the system, I will increase my chances of getting a raise.
Effort expectancy (EE)
1. My interaction with the system would be clear and understandable.
2. It would be easy for me to become skillful at using the system.
3. I would find the system easy to use.
4. Learning to operate the system is easy for me.
Attitude toward using technology (ATUT)
1. Using the system is a bad/good idea.
2. The system makes work more interesting.
3. Working with the system is fun.
4. I like working with the system.
Social influence (SI)
1. People who influence my behavior think that I should use the system.
2. People who are important to me think that I should use the system.
3. The senior management of this business has been helpful in the use of the system.
4. In general, the organization has supported the use of the system.
Facilitating conditions (FC)
1. I have the resources necessary to use the system.
2. I have the knowledge necessary to use the system.
3. The system is not compatible with other systems I use.
4. A specific person (or group) is available for assistance with system difficulties.
Self-efficacy (SE)
I could complete a job or task using the system…
1. If there was no one around to tell me what to do as I go.
2. If I could call someone for help if I got stuck.
3. If I had a lot of time to complete the job for which the software was provided.
4. If I had just the built-in help facility for assistance.
Anxiety (ANX)
1. I feel apprehensive about using the system.
2. It scares me to think that I could lose a lot of information using the system by hitting the wrong key.
3. I hesitate to use the system for fear of making mistakes I cannot correct.
4. The system is somewhat intimidating to me.
Behavioral intention to use the system (BI)
1. I intend to use the system in the next <n> months.
2. I predict I would use the system in the next <n> months.
3. I plan to use the system in the next <n> months.
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APPENDIX K
SCREENSHOTS OF SAMPLE SIZE CALCULATION FOR SEM
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Figure K-1: The Sample Size of the UTAUT Model.
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Figure K-2: The Sample Size of the Hypothesized Model.
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APPENDIX L
MATRIX OF SCATTERPLOTS FOR CONSTRUCTS
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Figure L: Matrix of Scatterplots for Constructs.

